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The overarching goal of this study was to clarify what constructs are being measured by 
assessment centers (ACs). ACs have been used and studied for years, yet have measurement 
problems that generally center on the use of information at the dimension-level. However, a 
necessary step in examining this issue has been neglected: a proper delineation of what 
constructs ACs actually measure. In an attempt to address this issue, this study‟s primary purpose 
was to explore the factor structure of AC dimensions. Several a priori models from both the AC 
and job performance literature were examined as frameworks for explicating the constructs 
representing dimensions. Data from two sources were used to address this question: 
Intercorrelations from primary studies were synthesized using meta-analysis (k = 57) and used as 
input for a series of confirmatory factor analysis models. In addition, the extent to which subject 
matter experts perceived these broader categories to operate as a summary framework was 
evaluated by asking experienced AC raters to categorize primary dimensions into the categories 
of each model. 
 The results showed that Arthur et al.‟s (2003) framework provided a good fit to the data, 
offering additional evidence in support of this model. When compared against several alternative 
frameworks, Arthur et al.‟s (2003) model also provided a better fit to the data than the 
alternatives. Hence, these seven categories provide a viable framework for explaining what 
constructs underlie AC dimension ratings. In addition, subject matter experts had the highest 
level of agreement when classifying primary dimensions into this framework. In addition, several 
hierarchical models were tested based on the a priori models examined in the study. Of these 





summary categories may also explain variance in the seven factors of Arthur et al.‟s (2003) 
framework. 
 Overall, this study provides some clarity on what constructs underlie AC dimension 
ratings. These findings are expected to make contributions for AC research and practice.  
Implications for these results, as well as limitations of the study and future directions for research 
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In managerial selection and development, one of the most popular evaluation methods is 
the assessment center (AC; Howard, 1997). For administrative purposes, ACs have seen 
continued use due in large part to their high fidelity (Cascio & Aguinis, 2005), predictive validity 
evidence (Arthur, Day, McNelly, & Edens, 2003), and a lack of subgroup differences in AC 
ratings (c.f., Dean, Roth & Bobko, 2008; Thornton & Rupp, 2006). ACs have also seen an 
increased use in management and leadership development programs (Spychalski, Quiñones, 
Gaugler, & Pohley, 1997). Here, the AC serves as a rigorous training intervention, where 
feedback is provided to participants and serves as a baseline for identifying strengths and 
weaknesses in behavioral dimensions. In relation, ACs lead to more positive reactions from job 
applicants (Macan, Avedon, Paese, & Smith, 1994) and higher perceived objectivity compared 
with alternative assessment methods (e.g., multi-source feedback; Howard, 2006) as well as 
more positive feedback acceptance (Cascio & Aguinis, 2005). Given these positive 
characteristics, ACs are likely to see continued use in organizations. 
A key characteristic of ACs is that they are typically designed to measure behavioral 
dimensions. As noted by Thornton and Rupp (2006), dimensions are the basic unit of analysis in 
ACs. Most AC studies regard dimensions as the „constructs‟ that are measured via the AC 
method (Arthur, Day & Woehr, 2008), which are purported to be relevant to job performance. 
For example, commonly used dimensions might include problem solving, influencing others, and 




communication (e.g., Arthur et al., 2003).  In typical ACs, behaviors that serve as indicators of 
these dimensions are observed as an assessee participates in an exercise; examples of exercises 
include simulations with confederates (i.e., role players), leaderless group discussions, and in-
basket exercises (Spychalski et al., 1997). A rating on one of these dimensions would depend on 
the quality and quantity of which these behaviors are exhibited and observed. Further, 
dimensions are typically intended to be distinct from one another and observable in multiple 
exercises. The expected outcome of the AC design is that ratings on these dimensions will be 
consistent across exercises, where behaviors exhibited in the exercises will serve as a sample of 
the behaviors that comprise the overall dimensions (Arthur et al., 2008). The specific set of 
dimensions on which an AC provides ratings suggests what content it measures. 
The measurement properties of AC ratings have been a topic of debate for decades. In 
short, the criterion-related validity of ACs is fairly well established; ACs have been 
demonstrated to be strong predictors of job performance (Arthur et al., 2003; Gaugler, Rosenthal, 
Thornton & Bentson, 1987; Schmidt & Hunter, 1998). However, evidence for the construct-
related validity of AC ratings is more problematic. Central to this problem is how well ACs 
measure the dimensions (i.e., „constructs‟) they purport to measure. Many studies have sought to 
examine the extent to which dimension ratings converge across exercises, predominantly through 
internal approaches (e.g., multi-trait multi-method, or MTMM designs; Campbell & Fiske, 1959; 
Thornton & Rupp, 2006). These studies have generally demonstrated that dimensions measured 
in ACs do not exhibit convergent and discriminant validity as expected (Lance, 2008; Lance, 
Lambert, Gewin, Lievens, & Conway, 2004). Rather, ratings are more consistent within 
exercises across dimensions than within dimensions across exercises. Based on these findings, it 




is suggested that AC ratings may not represent the dimensions they purport to, and the construct-
related validity of AC dimensions is suspect.  
Several explanations have been suggested for why this problem exists, including 
measurement / design issues (Woehr & Arthur, 2003; Woehr, Arthur & Meriac, 2007). For 
example, a question has been raised as to whether raters have the cognitive capacity to 
effectively distinguish among a large number of dimensions, and studies have shown that smaller 
dimension sets typically result in more reliable ratings (Gaugler & Thornton, 1989; Thornton & 
Rupp, 2006). As reported by Woehr and Arthur (2003), ACs measure on average 11 dimensions 
and in some cases as many as 25. Another potential reason for the lack of construct-related 
validity evidence hinges on the lack of properly developed constructs (Arthur et al., 2008). 
Specifically, the „constructs‟ that are measured in ACs are not well developed or clearly defined.  
Subsequently, the existing research is fragmented with respect to the different dimensions that 
ACs measure, or what these dimensions represent.  
The vast number of dimension names reported in the literature indicates that there is 
considerable variability in what ACs purport to measure. For example, in a review of the 
literature, Arthur et al. (2003) identified 168 dimension labels in the 34 articles they identified.  
Surely 168 or more dimensions are not necessary to explain what is measured in ACs. One 
approach toward rectifying this situation is to develop a unifying framework for classifying 
behaviors that would group these dimensions into broader categories.  
Arthur et al. (2003) sought to develop such a framework, specifically for ACs. They 
conceptually grouped the primary dimension labels they identified into a set of seven broad 
categories. In their study, they demonstrated the usefulness of conceptualizing the criterion-




related validity of ACs at the dimension-level, each of these broader categories significantly 
predicted job performance. Subsequent research has shown that this broader set of categories is 
useful for improving the validity of ACs. For instance, Bowler and Woehr (2006) have shown 
that collapsing primary dimensions into Arthur et al.‟s (2003) taxonomy improves construct-
related validity evidence associated with primary dimensions. Specifically, they demonstrated 
that dimension effects were relatively the same size as exercise effects and the strength of these 
effects varied depending on specific dimension-exercise combinations. Also, Meriac, Hoffman, 
Woehr and Fleisher (in press) demonstrated that these dimensions each explained incremental 
variance in job performance ratings above and beyond cognitive ability and personality 
variables. Thus, the common set of dimensions proposed by Arthur et al. (2003) has so far been 
demonstrated as a useful approach toward conceptualizing AC ratings, and appears to be a step 
in the right direction toward improving the measurement issues associated with ACs.  
However, it is not clear whether Arthur et al.‟s (2003) framework is the best way to 
conceptualize what it is that ACs measure. In their initial study, Arthur et al. (2003) conceptually 
grouped dimensions into categories, but the factor structure of their model has yet to be 
examined empirically (i.e., using factor analysis). In addition, although it serves as a more 
parsimonious model for conceptualizing AC dimensions than most ACs, other models with even 
fewer dimensions may further improve upon AC measurement issues.  
The purpose of this study is to further explore what it is that ACs measure (i.e., what 
constructs), specifically with respect to a general model. Several models and frameworks have 
been proposed in the published AC literature, many of which are more parsimonious such that 
they contain fewer, broader dimensions. In addition, the job performance literature has proposed 




several general models of performance. As ACs are purported to measure constructs that are 
important for the prediction or development of job performance, models from this stream of 
research may also be relevant approaches toward conceptualizing what is measured in ACs.  
In testing the different models that may be used to explicate the constructs underlying AC 
ratings, meta-analytic procedures were used. Data were gathered from studies reporting AC 
dimension interrelationships and used to examine which of several different dimension structures 
may serve as the most appropriate model for conceptualizing what it is that ACs measure. 
Confirmatory factor analysis (CFA) was used to evaluate the extent to which each of these 
models fits the data reported in the AC literature. In addition, the extent to which experienced 
AC raters can reliably classify primary AC dimensions into each of these dimension structures 
was explored. This effectively indexed the extent to which raters can conceptualize AC ratings 
via each of these alternative dimension structures. In summary, this study aimed to provide 
clarification on what constructs ACs measure.   








Assessment Center Dimensions and What they Represent 
Dimensions are an important component of the AC method. As defined by Thornton and 
Rupp (2006, pp. 77-78), AC dimensions are “homogenous cluster[s] of observable behaviors” 
and they purportedly represent the “constructs” that ACs measure (Arthur et al., 2008). From a 
traditional psychometric perspective, dimensions have been viewed as latent factors, and the 
behaviors exhibited by participants in the exercises serve as observable manifest indicators. As 
noted by Hoeft and Schuler (2001), the original guiding principle behind AC development and 
use is at least in part to predict job-relevant criteria, as these same dimensions are presumed to 
underlie job performance. The reasoning behind this idea stems from claims that AC dimensions 
are in some way based on information from a job analysis.   
Despite the vast amount of attention devoted to evaluating the measurement properties of 
ACs, relatively little effort has been directed toward understanding exactly how AC dimensions 
should be conceptualized and what constructs ACs are measuring. Most AC studies provide little 
or no information regarding how dimensions are developed or why they are important for 
performance. The process of developing dimensions in ACs rarely follows the same process as 
the development of constructs measured by paper-and-pencil methods (e.g., cognitive ability or 
personality variables). That is, typical construct development involves a rigorous, iterative 
process including careful definition and refinement of what it is that is measured. This simply 




has not been the case in AC research and practice (Arthur et al., 2008). Instead, AC designers 
have often casually labeled clusters of behaviors as dimensions. In most AC studies, there 
appears to be little or no a priori reasoning as to how the dimensions were chosen or 
conceptualized, nor the expected relationships among these dimensions. Subsequently, there is 
still a great deal of ambiguity regarding what constructs ACs measure.  
This ambiguity in what constructs are measured in ACs is problematic for several 
reasons. As reviewed by Arthur et al. (2003), the importance of constructs in psychology is 
paramount to the goal of describing, understanding, and predicting behavior (Binning & Barrett, 
1989). In the AC literature, studies evaluating the construct-related validity of AC dimensions 
take these dimension names (i.e., the supposed „constructs‟ that are evaluated) at face value. 
More specifically, the studies evaluating the construct-related validity of ACs treat dimensions as 
generic constructs with little or no examination of whether they are appropriately conceptualized. 
It is important to explicitly make the distinction between dimensions and constructs. 
Dimensions represent clusters of observable behaviors. Take for example „analysis‟ and 
„judgment‟, two commonly evaluated dimensions. According to Thornton and Byham (1982, p. 
139), analysis represents “identifying problems, securing relevant information, relating data from 
different sources, and identifying possible causes of problems” and judgment is “developing 
alternative courses of action and making decisions based on logical assumptions that reflect 
factual information”. However, latent constructs may underlie these dimensions as the key 
variables of interest in ACs. For instance, Arthur et al. (2003) collapsed these dimensions into a 
broader category: „problem solving‟, due to the conceptual similarity between these dimensions 
as well as several others. Rather than reporting information at the dimension-level, it may be 




more meaningful, both theoretically and practically, to evaluate how well these primary 
dimensions represent broader, underlying constructs. Further, evaluating constructs is important 
whether an AC is used for administrative purposes (i.e., predicting theoretically meaningful 
criteria) or developmental purposes (i.e., measuring important constructs for management or 
leadership development).   
The conceptualization of AC dimensions in primary studies has been largely 
idiosyncratic in nature, such that individual ACs have employed substantially different 
dimensions. As a result, one of the primary problems faced in examining the construct-related 
validity of ACs is the overwhelming number of „dimensions‟ found in the literature. Recent 
meta-analyses of the AC literature have reported identifying anywhere from 79 to 168 different 
dimension labels (Arthur et al. 2003; Bowler & Woehr, 2006; Woehr & Arthur, 2003). As noted 
by Woehr and Arthur (2003), out of the 48 distinct samples they identified in their review, on 
average 11 dimensions were measured; the standard deviation was 5 dimensions and ranged 
from as few as 3 to as many as 25. While human behavior is certainly complex, it seems unlikely 
that such a vast quantity of dimensions is required to explain work performance.  
A Historical Perspective on Constructs and Dimensions 
Interestingly, the earliest ACs put forth the idea that „constructs‟ of sorts may underlie 
AC dimension ratings, but not in the way they are commonly treated today. Early ACs were 
developed by the Office of Strategic Services (OSS) for the purpose of selecting military 
personnel, with the results published in the book Assessment of Men (1948; Thornton & Byham, 
1982). In these early studies, 11 dimensions were initially rated, but exploratory factor analysis 
yielded four components from these 11 variables. Even before ACs were used in industrial 




settings, this approach set the stage for the idea that constructs or factors underlying the 
dimensions may be a more appropriate way to explain what ACs are measuring than the primary 
dimension labels themselves.  
This trend continued as ACs made their way into industrial settings, particularly through 
the famous Management Progress Study (MPS; Bray, 1964; Bray and Grant, 1966). The rating 
method and exercises utilized in the MPS have been, at least in some form, utilized throughout 
the last half century, and many ACs use practically the same approach as Bray and colleagues 
did when the study began in 1956.  In the MPS, 25 primary dimension categories were assessed; 
however, the authors also factor-analyzed these dimensions to find a more parsimonious 
framework for explaining the results. Their solution(s) for college graduates and non-college 
graduates showed that 11 and 8 factors emerged, respectively. Specifically, Bray and Grant 
(1966, p. 9) state: “The factorial results also help to clarify the constructs used by the staff 
evaluators”. In other words, they were aware that some constructs were being measured by ACs, 
but these were actually evaluated post-hoc and not equated with dimensions. This approach 
continued for several years, with later studies taking this same approach, oftentimes to find more 
parsimonious solutions. For example, Schmitt (1977) found that 3 factors emerged out of a set of 
17 dimensions. In these studies, an exploratory approach was taken toward evaluating the 
constructs that were measured by ACs.  
In this discussion of what it is that ACs actually measure, a major turning point took 
place in the early 1980‟s. The notion of an AC „validity paradox‟ emerged, and has since been an 
important issue since it begs the question of whether ACs measure the constructs they are 
supposed to.  Specifically, this paradox refers to the idea that ACs demonstrate evidence for 




content-related validity (Norton, 1977) and criterion-related validity (Arthur et al., 2003; Gaugler 
et al., 1989), yet they do not demonstrate evidence for construct-related validity (Sackett & 
Dreher, 1982). The reason this issue is viewed as a paradox is because based on Binning and 
Barrett‟s (1989) unitarian conceptualization of validity, if ACs exhibit two of these forms of 
validity evidence, then they should logically also exhibit the third form. Studies that have shown 
that this is not the case have focused on a specific unit of analysis: within-exercise dimension 
ratings (i.e., post-exercise dimension ratings; PEDRs).  
This practice initially began when Archambeau (1979) put forth the idea that within-
exercise performance may be meaningful, due to the observed high correlations among ratings 
within exercises across dimensions. This idea was further advocated by Sackett and Dreher 
(1982), and sparked a great deal of debate among AC researchers. This argument has since 
continued, and most recently, several researchers (e.g., Jackson et al., 2005; Lance, 2008; Lance 
et al., 2004) have advocated the use of exercise ratings (as opposed to dimension ratings), also 
known as task-based ACs. A central feature of these studies is that they all use PEDRs. These 
ratings are then analyzed using an MTMM design, which allows for the evaluation of convergent 
and discriminant validity. As AC ratings do not exhibit the expected pattern of results in this 
design (e.g., convergence of dimensions across exercises and low dimension intercorrelations 
within exercises), they are described as failing to exhibit construct-related validity evidence.  
The „constructs‟ that are being evaluated in these studies are the primary dimensions 
measured in the ACs. For the most part, PEDRs are an artifact of this research design. Actually, 
the primary dimension labels in these studies (e.g., Bray & Grant, 1966) were not initially 
intended to be measured this way (Howard, 2008). More specifically, the original AC design was 




never applied with the expectation that all of the dimensions assessed would emerge as 
meaningful factors if one were to conduct a factor analysis on AC ratings. Instead, as noted 
above, AC researchers long ago noted that broader factors are expected to emerge from the AC 
dimension ratings, which are more meaningful as the „constructs‟ that ACs measure.  
Progress toward a More Unified Framework 
Several models and frameworks have been presented that may serve as a priori models 
for examining the latent constructs that underlie AC performance. Some potential models have 
been developed specifically for ACs, using conceptual groupings (e.g., Arthur et al., 2003) or 
from exploratory results of primary studies (e.g., Schmitt, 1977). In addition, models from the 
general job performance literature have been proposed that may be applied in AC settings (e.g., 
Borman and Brush, 1993). The overarching goal of the present study is to explore what 
constructs underlie AC performance. Toward this end, multiple research questions will be 
evaluated to gather evidence directed toward answering this broad question.  
The first of these more specific questions will focus on evaluating Arthur et al.‟s (2003) 
framework as one potential a priori model describing the constructs that are measured in ACs. 
Arthur et al.‟s (2003) model presents one approach toward organizing the various AC 
dimensions reported in the literature, and thus far this model has shown impressive results as a 
useful summarizing framework (e.g., Bowler & Woehr, 2006; Meriac et al., in press). However, 
although Arthur et al. (2003) provided a conceptual grouping of these AC dimensions, they did 
not empirically evaluate the fit of their model. Subject matter experts conceptually grouped 
primary dimensions into these broader categories, but they did not examine the fit of their model 
based on empirical data (e.g., via confirmatory factor analysis; CFA). An additional step toward 




evaluating the usefulness of this framework is examining whether Arthur et al.‟s (2003) model 
provides an acceptable fit to data from ACs. This is one goal of the present study. By using the 
same primary dimension labels that Arthur et al. (2003) used (i.e., Thornton & Byham, 1982), it 
will be possible to conduct an examination of how well this model fits the reported AC data. 
Research Question 1: How well does the available AC data provide an empirical 
verification of Arthur et al.’s (2003) seven-dimension AC framework?   
As the primary objective of the present study is to resume the initial line of inquiry 
initiated by Bray and colleagues and continue to explore what constructs underlie the primary 
dimensions assessed in ACs, this study will take a step back of sorts to examine the factors that 
emerge from primary AC dimensions. However, the initial approaches to evaluating what 
constructs were measured in ACs only took an exploratory perspective, utilizing exploratory 
factor analysis and naming the factors that emerged post-hoc. A confirmatory approach may also 
be useful, where existing a priori models may serve as a theoretical basis for explicating what 
constructs ACs measure. Further, several of the previous studies exploring this idea have only 
examined one model. A more rigorous approach would entail an examination of multiple 
competing models, to allow for a determination of whether one model is more appropriate than 
another (Bollen, 2000).  
Toward this end, models from both the general job performance literature as well as the 
AC literature may serve as frameworks that can explain what constructs underlie the primary 
dimensions measured by ACs. Since the 1960‟s, much work has been done with the purpose of 
trying to better understand the job performance domain. Many general models of performance 
have been developed in both the job performance literature (e.g., Borman & Brush, 1993), as 




well as the AC literature (e.g., Arthur et al., 2003). Several of these models will be compared 
against one another, specifically with respect to which one best fits the available data. These 
models will be reviewed in the following section.  
Research Question 2: Which of the alternative a priori models best fits the AC data? 
Another related issue is how well raters can classify dimensions into these frameworks. 
One component of AC rating is the capacity for raters to effectively observe and record 
behaviors within exercises. A different approach toward evaluating how these dimension 
structures operate is to determine how well raters can place primary dimension labels into 
broader dimensions in each respective model. For instance, Arthur et al. (2003) found that 
subject matter experts (SMEs) were able to reliably classify AC dimension labels in primary 
studies into each of Thornton and Byham‟s (1982) list of 33 commonly used dimensions. 
However, they never directly assessed the extent to which SMEs were able to classify Thornton 
and Byham‟s list of dimension labels into their seven categories. The present study will evaluate 
how well this longer list of dimension labels can be reduced into a smaller set of seven. A similar 
approach will be taken toward evaluating the competing models in this study. Specifically, 
trained and experienced AC raters (SMEs) will be asked to categorize dimension labels from 
Thornton and Byham‟s (1982) list into the broader categories of the alternative models as well. 
In effect, this will index how well raters can reduce a larger set of dimensions into a more 
parsimonious smaller set, as well as which framework leads to the highest level of agreement.  
Research Question 3: How reliably can AC raters classify primary dimension labels into 
the dimensions in each of the a priori models?  




Statement of Purpose and Expected Outcomes 
In summary, much debate has centered on AC validity evidence. However, little attention 
has been directed toward exploring what constructs underlie performance as measured in ACs. 
Various models have been presented, yet no large-scale studies have been conducted to 
empirically evaluate this structure. The most successful of these endeavors to date (at least in the 
AC domain) has been Arthur et al.‟s (2003) framework. However, this model has not been 
scrutinized with respect to its fit with AC dimension ratings. Thus, the first goal of the present 
study is to determine how well it fits AC data reported in the literature. Next, this model as well 
as several alternative frameworks will be compared to evaluate which model best fits data 
reported in the AC literature. Finally, the extent to which AC raters can classify primary 
dimensions into these broader dimensions will be assessed. These three research questions are 
posed to help answer the overarching question: What constructs do ACs measure?  






ALTERNATIVE MODELS / FRAMEWORKS 
 
Despite the recent focus on the results of MTMM-oriented studies, there has been no 
resolution on what constructs underlie AC performance. The studies that have employed MTMM 
analyses have almost exclusively treated primary dimensions as the „traits‟ measured in ACs 
(i.e., constructs).  Primary AC dimensions may not be the appropriate level to conceptualize the 
constructs measured in ACs, but rather these dimensions may serve as indicators of broader 
latent constructs. Several models have been proposed that may explicate the constructs measured 
by ACs, which all serve to reduce the complexity of what we are measuring (i.e., fewer 
dimensions). The models discussed in this section were examined as a priori frameworks for 
clarifying the constructs that underlie AC performance. 
Comparisons Among Alternative Models 
As reviewed by Viswesvaran and Ones (2000), early models of job performance 
(Fleishman, 1967; Guilford, 1954) described clusters of homogenous tasks that were applicable 
across jobs. Viswesvaran and Ones provided a framework to group models of job performance, 
which contain dimensions that are either applicable across jobs or specific to a given occupation, 
and are either stand-alone or part of a set. The present study seeks to examine models of 
dimensions that are part of a set and are generalizable across occupations. Toward this end, 
frameworks taken specifically from the AC literature, as well as general models of job 




performance were evaluated as alternative models for explicating the constructs that underlie AC 
performance. 
In deciding specifically which models were empirically examined in this study, several 
frameworks / models were first evaluated with respect to their applicability across occupations; 
in other words, if models were too restrictive in that they only apply to a narrow range of jobs, 
they were not examined in this study. Next, models deemed relevant / applicable for the present 
study were conceptually compared with respect to the content of their dimensions. If the content 
of one model was subsumed by another equally parsimonious model, then the model that appears 
to encompass more of the content domain was included. In other words, each model was 
reviewed in terms of its theoretical and conceptual relevance to the AC content domain. Based 
on this review, five core models presented themselves as viable frameworks for explicating the 
constructs underlying AC dimension ratings. These models will be discussed in the following 
sections.  
Thornton and Byham’s (1982) List of Common AC Dimensions 
Thornton and Byham (1982) presented a list of 33 common AC dimension labels, which 
served as one of the first approaches toward summarizing the information assessed in ACs (See 
Table 12, Appendix B). Specifically, they noted that a common set of dimensions could be used 
to compare data from different sources. This list of dimensions has been utilized by large-scale 
studies (e.g., Arthur et al., 2003) to provide a common grouping of primary AC dimensions. 
Arthur et al. (2003) found that the majority of AC dimensions listed in the primary studies they 
identified could be classified into one of these 33 categories. Thornton and Byham‟s (1982) list 
serves as a comprehensive taxonomy for comparing dimensions across studies and will be used 




as the starting point for integrating information across primary studies. Hence, primary 
dimensions that are categorized into the dimensions in this list will serve as indicators for the 
alternative models that will be tested in this study. 
Arthur et al.’s (2003) Model of AC Performance  
As noted above, Arthur et al.‟s (2003) seven broad categories have been shown as a 
useful framework for organizing the vast quantity of dimensions reported in the AC literature. 
Specifically, the categories they proposed are: 1) problem solving, 2) tolerance for stress / 
uncertainty, 3) influencing others, 4) consideration / awareness of others, 5) communication, 6) 
organizing and planning, and 7) drive. Definitions of these categories are listed in Table 6 
(Appendix A). Arthur et al.‟s (2003) seven broad categories have thus far been the most 
promising approach toward unifying the fragmented AC literature.  
Additional studies have supported the use of this framework in that its use may improve 
AC validity evidence. Meriac et al. (in press) showed that each of these seven categories 
explained a significant proportion of variance in job performance above and beyond cognitive 
ability and the big five personality variables. In comparison with results offered by Schmidt and 
Hunter (1998) regarding the incremental gain in using alternative predictors along with cognitive 
ability, conceptualizing AC ratings at the construct-level dramatically improved the incremental 
variance explained in job performance. Also, Bowler and Woehr (2006) demonstrated that when 
these categories are combined with different exercises, some of them (e.g., communication, 
influencing others, organizing and planning, and problem solving) were more construct valid 
than others (e.g., consideration / awareness of others and drive). In comparison with Lance et 
al.‟s (2004) findings, the use of Arthur et al.‟s (2003) framework provides somewhat more 




promising results from an internal (i.e., MTMM) approach. In summary, Arthur et al.‟s (2003) 
model shows several advantages over using primary dimension labels. However, it is possible 
that these broader categories / constructs may be reduced further.  
Alternative Models of AC Performance 
One model that presents fewer groupings than Arthur et al.‟s (2003) framework is a four-
dimension framework developed by Borman and Brush (1993). Borman and Brush‟s (1993) 
taxonomy of managerial performance consists of 18 dimensions which cluster into four broad 
categories. These broad categories of managerial performance are: 1) interpersonal dealings and 
communication, 2) leadership and supervision, 3) technical activities and the “mechanics of 
management”, and 4) useful personal behavior and skills. The content contained in each of these 
broad categories is listed in Table 7 (Appendix A). One of the reasons Borman and Brush (1993) 
developed this model was to serve as a unifying framework for allowing classification of 
behavior and comparison across performance taxonomies.  
As is evident in the dimension descriptions, Borman and Brush‟s (1993) framework also 
has a great deal of overlap with the categories proposed by Arthur et al. (2003). Specifically, 
interpersonal dealings and communication contains elements of both communication and 
consideration / awareness of others. Arthur et al.‟s (2003) influencing others category is similar 
to Borman and Brush‟s (1993) leadership and supervision. Borman and Brush‟s (1993) technical 
activities and the “mechanics of management” category contains elements of both organizing and 
planning as well as problem solving. Finally, Borman and Brush‟s (1993) useful personal 
behavior category has an overlap of content with both drive and stress tolerance. Hence, Borman 




and Brush‟s (1993) model appears to conceptually subsume the content contained in Arthur et 
al.‟s (2003) seven categories.  
Given these similarities, the capacity for this model to serve as a broad model of 
performance that is designed to subsume all of the behaviors that managers are expected to 
exhibit, as well as its apparent capacity to generalize across administrative and developmental 
ACs, this model will be tested (i.e., compared against) Arthur et al.‟s (2003) framework. A direct 
comparison between these two models will indicate whether the content measured by Arthur et 
al.‟s (2003) categories can be more parsimoniously measured by four broader categories. Hence, 
Borman and Brush‟s (1993) model may represent the constructs measured in ACs, and will be 
empirically evaluated as an alternative model of AC performance, in comparison with Arthur et 
al.‟s (2003) framework. However, it is possible that AC dimensions may be further grouped into 
an even more parsimonious model.  
Schmitt (1977) took an empirically-driven approach toward evaluating an AC factor 
structure (in a primary study), and conducted a principal components analysis to derive 3 broad 
factors out of a larger set of 17 dimensions. In defining the content of these factors, Schmitt 
simply listed the primary dimensions that loaded onto each one. These factors are: 1) 
“administrative skills”, which is comprised of inner work standards, organizing and planning, 
decision making, decisiveness, and written communication skills, 2) “interpersonal skills”, which 
contains tolerance of uncertainty, self-objectivity, behavior flexibility, and leadership skills, and 
3) “activity or forcefulness”, which includes energy, resistance to stress, need advancement, 
forcefulness, reliance on others, and oral communication.  




Descriptions of the behaviors included in this taxonomy are listed in Table 8 (Appendix 
A). Interpreting these three factors beyond a simple listing of the dimensions which load onto 
them is necessary for proper construct definition. Administrative skills appears to involve 
general problem solving skills, which includes making appropriate decisions based on 
information gathered and weighting and prioritizing information and tasks. Interpersonal skill 
appears to involve accomplishing work through interactions with others and considering the 
demands of interpersonal situations and acting accordingly. Activity or forcefulness appears to 
involve one‟s effort expended toward task accomplishment, ability to remain focused, and 
resourcefulness. Although they are very broad in nature, Schmitt‟s (1977) factors were clearly 
developed from AC content and appear to encompass many of the common dimensions in 
Thornton and Byham‟s (1982) list.  
As reported by Schmitt (1977), these factors were very similar to a set of similar factors 
derived by Hinrichs (1969). Specifically, two of Hinrichs‟s (1969) factors were almost identical 
to those reported by Schmitt (1977; administrative skills and activity); however, Hinrichs (1969) 
did not measure as many primary dimensions as Schmitt (1977), and subsequently Hinrichs‟s 
(1969) factors will not be directly examined in the present study. Still, it is interesting to see that 
there is some convergence across these three-factor models.  
In comparison with Borman and Brush‟s (1993) dimensions, it is evident that the content 
contained in Borman and Brush‟s interpersonal dealings and communication and leadership and 
supervision categories have much similarity with the information contained in Schmitt‟s 
interpersonal skills factor. Also, Borman and Brush‟s (1993) technical activities and the 
“mechanics of management” and useful personal behavior categories are quite similar to 




Schmitt‟s (1977) administrative skills and activity / forcefulness factors, respectively. Given this 
similarity, it appears that Borman and Brush‟s (1993) categories may fit into Schmitt‟s (1977) 
factors. As with the comparison between Arthur et al.‟s (2003) categories and Borman and 
Brush‟s (1993), the Borman and Brush categories will be further compared with Schmitt‟s 
(1977) factors to determine whether this more parsimonious model better fits the data. 
With the further possibility of an even more parsimonious model still differentiating 
among dimensions, a two-factor model may fit the data better than Schmitt‟s (1977) three 
factors. Shore et al. (1990) proposed a two-factor model of AC performance which includes 1) 
performance-style and 2) interpersonal-style factors. Their study involved grouping 11 
dimensions into these two broad categories. For more information on these factors, see Table 9 
(Appendix A). The interpersonal-style factor subsumed four of these primary dimensions: 
amount of participation, impact, personal acceptability, and understanding of people. The 
performance-style factor was comprised of seven primary dimensions: originality, oral 
communication, recognizing priorities, need for structure, thoroughness, work quality, and work 
drive. In comparison with Schmitt‟s (1977) model, interpersonal skills and interpersonal-style 
are quite similar to one another. In other words, there is substantial conceptual overlap between 
these two factors. In addition, the material contained in Schmitt‟s (1977) activity / forcefulness 
and administrative skills factors both have similarities with Shore et al.‟s (1990) performance-
style factor; hence, they may be able to be collapsed into this broader factor.  
By grouping primary dimensions into these broad categories, Shore et al. (1990) were 
able to demonstrate that the interpersonal-style factor was more strongly related to several 
relevant personality constructs, and the performance-style factor was more strongly related to 




cognitive ability, providing evidence for convergent and discriminant validity of these factors. 
However, in their study Shore et al. (1990) also did not examine these factors with respect to 
competing models, and although their dimensions showed promising results with respect to AC 
dimension construct-related validity, there is no existing evidence to support whether this is the 
most appropriate model in comparison with alternatives.  
 Finally, some evidence suggests that given the positive manifold across the categories 
contained in Arthur et al.‟s (2003) framework, a unidimensional model may provide the best 
representation of AC performance. Certainly, previous research has frequently indicated 
relatively strong correlations among categories assessed in ACs. In addition, Lance et al. (2004) 
have argued that the structure of ACs is best described with multiple exercise factors and a single 
overall or general performance factor. This model is also consistent with the research suggesting 
a single general performance factor underlying performance ratings (Viswesvaran, Schmidt, & 
Ones, 2005). Further, it is worthwhile to note that a unidimensional model is consistent with the 
frequent use of an overall assessment rating (OAR) as a composite indicator of AC performance 
in both research and practice, where an OAR represents the aggregation of ratings on separate 
dimensions (and/or exercises) into a single overall score. Viswesvaran et al. (2005) factor-
analyzed a hierarchical model of job performance and found that a general model best fit the 
data. Thus, the present study will also compare a one-factor model to the two-factor model 
proposed by Shore et al. (1990). 
 Given the various performance models discussed above, five key a priori models that 
may explicate the constructs that underlie the AC dimensions measured in primary studies will 
be examined (See Table 1). These models are nested in a sequence such that the more narrowly 




defined dimensions can be collapsed into the next broadest level of conceptualization across the 
five models (See Figure 1). By comparing these models directly, it will be possible to determine 
which model best fits the data. By conducting goodness-of-fit tests on these models and 
comparing the fit indices across models, the best fitting model can be determined.  
  




Table 1. Summary of A Priori Models Included in the Study  
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Figure 1. Summary of Models to Examine and Proposed Nesting of Assessment Center Dimensions 
 








Step 1: Meta-Analytic Examination of AC Dimensions  
The primary objective of the present study was to examine what constructs are being 
measured in ACs. To achieve this objective, the effect sizes of dimension intercorrelations 
reported in primary studies were synthesized using meta-analysis using the Hunter and Schmidt 
(2004) approach. In the search procedure, any primary studies that utilized the AC method were 
evaluated to make the results as generalizabe as possible. In searching for studies, the following 
databases were used: PsycINFO, Web of Science, and Business Source Premier. The following 
search terms were used in these databases to identify studies: assessment center, AC, dimension 
ratings. In addition, the reference lists of previous AC meta-analyses were examined, and authors 
of studies that only presented partial data were contacted to obtain the necessary information 
from their studies.  
AC information has typically been conceptualized at three levels: 1) the overall 
assessment rating, or „OAR‟, 2) post-consensus dimension ratings (PCDRs), and 3) within-
exercise, or post-exercise dimension ratings (PEDRs). The present study evaluated results at the 
PCDR-level. This level of conceptualization was chosen for two key reasons: 1) this is the 
original intended level of analysis in typical ACs, and 2) PCDRs are fundamentally different 
from PEDRs, as PCDRs contain information that is sampled from multiple exercises and 
integrated via clinical judgment or some form of mechanical combination. 




Criteria for Inclusion 
Specific decision criteria were used to decide whether studies would be included in the 
meta-analysis. Primary studies must have: 1) provided dimension intercorrelations or values that 
could be converted into correlations, 2) these dimension intercorrelations must have been based 
on PCDRs (e.g., they could not be within-exercise dimension ratings), 3) dimension labels must 
have been provided and must have been able to be categorized into Thornton and Byham‟s 
(1982) list of common dimension labels, and 4) the studies must have reported the size of the 
sample on which dimension intercorrelations were computed. These inclusion criteria were 
chosen to remain consistent with the original ACs (e.g., Bray & Grant, 1966) as well as current 
research (Arthur et al., 2003).  
From the primary studies, correlations (or values that can be converted to correlations) 
were recorded, along with the study‟s sample size. To provide a common basis for primary 
dimension labels, Thornton and Byham‟s (1982) list of common AC dimension labels was used 
as a framework for  classifying primary study dimensions (See Table 10, Appendix B). These 
primary dimension labels have been utilized in previous studies involving conceptual groupings 
of AC dimensions (e.g., Arthur et al., 2003). As is common in ACs, slight variations on 
dimension labels often emerge (e.g., „stress tolerance‟ versus „tolerance for stress‟). Hence, 
dimensions were coded into a common framework to develop the correlation matrix among all 
available AC dimension labels.  
Primary Study Characteristics 
The initial search resulted in a total of 574 studies that were further reviewed for 
inclusion. Each study was evaluated based on the criteria for inclusion, and the authors of these 




studies were contacted to request additional information if only partial information was presented 
(e.g., correlations between AC dimensions and external variables but not dimension 
intercorrelations). After evaluating whether studies contained relevant information, a total of 42 
studies were identified that could be included in the analyses (See Appendix C). As several of 
these studies contained multiple samples (i.e., study 1 + study 2), 57 individual samples were 
identified. These studies evaluated an average of 13.34 dimensions (Mdn = 12) measured in an 
average of 5.53 exercises (Mdn = 5) (See Table 2). The mean number of participants in each 
study was 378.72 (Mdn = 156, Total N = 21,587).  
Agreement Among Dimension Classifications and Final Data Set 
Each data point was coded by at least two independent researchers. All dimension 
intercorrelations reported in primary studies were coded into a data file with their corresponding 
correlation coefficient. Definitions of dimensions were reviewed, and dimensions were then 
coded by the researchers into Thornton and Byham‟s (1982) dimension labels. The researchers 
initially agreed on 98% of the dimension classifications, and the remaining discrepancies were 
resolved by discussing each decision prior to running any analyses. In instances where the 
researchers could not come to agreement on how it should be classified, the dimension was 
excluded from the analyses. When recoded by the researchers, studies in the final data set 
reported an average of 9.51 dimensions (Mdn = 10). 
Analyses  
Based on the content sorting of Thornton and Byham‟s (1982) dimension labels into the 
AC models described earlier, the meta-analysis procedures developed by Hunter and Schmidt 
(2004) were employed, and sample-weighted mean correlations were computed using the SAS  




Table 2. Summary of Primary Study Characteristics 
 Number of Exercises Number of Dimensions (Pre) Number of Dimensions (Post) 
Mean 5.53 13.25 9.51 
SD 1.76 5.98 3.25 
Median 5 12 10 
Note. Pre = summary information as reported directly in the primary study; Post = summary 
information after being categorized into Thornton and Byahm‟s (1982) dimensions.   




PROC MEANS syntax developed by Arthur, Bennett, and Huffcutt (2001). Although this meta-
analytic procedure typically involves a correction for multiple statistical artifacts such as 
sampling error, measurement error and range restriction, in the present study corrections were 
only made for sampling error (i.e., sample size).  
The meta-analytically derived correlation coefficients were used to construct a correlation 
matrix among the AC dimensions mentioned above (See Table 12, Appendix E). This matrix 
essentially represents the correlations among all of the recoded dimension labels. In total, this 
matrix is composed of 136 meta-analytic correlation coefficients. These values were derived to 
serve as input for the CFA analyses.  
When two primary study dimensions were identified as representing the same dimension 
in Thornton and Byham‟s (1982) list, the square root of the average correlation among these two 
labels was used to compute a reliability estimate. Essentially this is a version of an alternate-
forms reliability index (i.e., leadership = .80). These values are reported on the diagonal in Table 
12 (Appendix E). Although these values were not used to correct for attenuation in the meta-
analysis procedure, they can be used to make corrections in the CFA (confirmatory factor 
analysis) model. In addition, these values may be beneficial in resolving model identification 
issues if they arise.  
As described by Viswesvaran and Ones (1995), the combination of meta-analysis with 
covariance structure analysis offers the opportunity to conduct a CFA or evaluate a structural 
equation model (SEM) with the data. Once meta-analytic estimates were derived, CFA was used 
to examine evaluate the fit of each a priori model to the data by using the meta-analytic 
correlation matrix as input. These dimension intercorrelations served as indicators for the a priori 




models described above, and allowed for a comparison to provide answers to research questions 
1 and 2. These analyses were conducted using LISREL 8.70 (Jöreskog & Sörbom, 2004), and 
models were compared using several model-data fit indices (Jöreskog, 1993). As recommended 
by Viswesvaran and Ones (1995), the harmonic mean (918) of the sample sizes for the individual 
mean correlations was used as the sample size for the subsequent analyses. 
Models were first evaluated to determine whether they converged to an admissible 
solution. Obtaining a proper solution is a key requirement for evaluating model fit; specifically, a 
lack of convergence or convergence to an improper solution often indicates that the model in 
question is inconsistent with the data or that model identification problems are present (Marsh, 
1989). Next, overall model fit was examined by comparing the relative fit across models. Seven 
goodness-of-fit indices were examined:  the chi square (χ
2
) model fit test statistic, Steiger‟s 
(1990) root mean square error of approximation (RMSEA), Bentler and Bonnett‟s (1980) 
normed fit index (NFI), Bentler and Bonnett‟s (1980) non-normed fit index (NNFI), the 
comparative fit index (CFI; Bentler, 1990), James, Mulaik and Brett‟s (1982) parsimonious 
normed fit index (PNFI), and Browne and Cudeck‟s (1989) expected cross validation index 
(ECVI).   
The χ
2
 test for goodness of fit is the most conservative of the chosen fit indices, and is 
essentially a test of perfect fit. As this value has a known distribution, significance tests can be 
conducted. However, this value is sensitive to sample size, and is rarely used in isolation, since it 
will often reject anything other than perfect fit (Brown, 2006). RMSEA (Steiger, 1990) provides 
a test that makes an adjustment for model complexity (i.e., impacted by degrees of freedom). 
Values of 0.05 or less indicate a close fit to the data, and values above 0.08 are out of acceptable 




range (Browne & Cudeck, 1993), where smaller values indicate closer fit. Bentler and Bonnet‟s 
(1980) NFI is an incremental fit index, such that it compares the fit of the proposed model to a 
baseline model (i.e., the independence model); however, the NFI has been shown to 
underestimate fit in small samples (Byrne, 2001). The CFI makes an adjustment to the NFI based 
on sample size. It is an incremental measure of fit relative to a null model; CFI values can range 
from 0.0 to 1.0, where values of 0.90 or greater indicate an acceptable level of fit. Although the 
NNFI‟s values can fall outside of the range of 0 to 1.0, values are typically interpreted in the 
same manner as the CFI and NFI (Brown, 2006), where larger values indicate better fit, and 
values above .90 are generally acceptable. James et al.‟s (1982) PNFI represents another 
parsimony-adjusted approach toward model fit, where model complexity is taken into account by 
adjusting the NFI by a parsimony ratio. In general, larger values represent better fit. Finally, the 
ECVI indexes whether the sample would cross-validate to a sample of similar size (Browne & 
Cudeck, 1989). The ECVI takes into account both model fit and the number of parameters used. 
Although the ECVI can take on any value, they can be compared in size where smaller values 
indicate better fit, as well as examined using confidence intervals (Byrne, 2001). Models were 
compared by evaluating this set of model-data fit indices to determine which model best explains 
the structure of AC dimensions. Hence, research questions 1 and 2 were answered in this 
manner.  
Step 2: Grouping of Lower-Order Dimensions into Higher-Order Dimensions 
The third objective in this study involved the classification of AC dimensions into 
existing frameworks (i.e., the a priori models). This analysis revealed information regarding how 
reliably AC dimensions could be grouped into these categories by subject matter experts (SMEs). 




This process involved classifying Thornton and Byham‟s (1982) list of AC dimensions into the 
taxonomies reviewed above (See Appendix G). Some of these models were derived in primary 
studies that examined the factor structure of AC dimensions within single samples, often from an 
exploratory perspective (e.g., Schmitt, 1977), where others were derived in large-scale studies 
using content sorting procedures (e.g., Arthur et al., 2003). The models included in the present 
study were selected on their capacity to serve as potential frameworks for grouping primary (i.e., 
lower-order) dimensions into higher-order constructs that emerge from these primary 
dimensions.    
Dimensions from Thornton and Byham‟s (1982) list were classified into the models listed 
in Table 1 (with the exception of a single-factor model) by eight SMEs. SMEs were selected 
based on their experience with AC research and practice. SMEs had all been formally trained in 
at least a four-day frame-of-reference training session. SMEs had an average of 3 years of 
assessment experience (min = 2, max = 5) and had worked with ACs in both selection as well as 
developmental contexts. Each SME was instructed to group the dimensions presented in 
Thornton and Byham‟s (1982) list into the dimensions of the various performance models.  
The rating forms and instructions given to raters are presented in Appendix G. The 
sorting process involved providing each SME with a form containing labels and boxes for each 
dimension of the higher-order model, and they were instructed to sort the common dimensions 
from Thornton and Byham‟s list into these categories. In case they perceived that a dimension 
did not belong to any of the broader categories, the forms contained an „unclassifiable‟ box 
where they could sort such dimensions. Each of the SMEs completed the rating task for all five 
models. The level of agreement among SMEs was assessed by evaluating the relative frequency 




in which they placed Thornton and Byham‟s (1982) dimensions into the broader categories in 
each a priori model.   









 The meta-analytically-derived dimension intercorrelations are presented in Table 11 
(Appendix D). This 17 x 17 matrix of dimension intercorrelations was used as input for the 
analyses conducted to answer the research questions. Specifically, CFA was applied and the fit 
of each model to the data was examined. In essence, intercorrelations were present for over half 
of Thornton and Byham‟s (1982) 33 dimensions. Some of the values were unable to be computed 
because they were simply not reported in any of the studies identified. The missing values are 
represented by an X in Table 12 (Appendix E). Although several of Thornton and Byham‟s 
(1982) dimensions were not included in the CFA analyses, the final matrix represents enough of 
the dimension intercorrelations to evaluate the a priori models. Each of the analyses and the 
results are discussed in the following sections.  
Research Question 1: Empirical verification of Arthur et al.’s (2003) model 
 The first objective of this study was to evaluate whether Arthur et al.‟s (2003) framework 
fit the data as an acceptable model for explicating the constructs underlying AC dimension 
ratings. To address this research question, the CFA model shown in Figure 2 was tested 
(Appendix F). Each of the Thornton and Byham (1982) dimensions loaded onto one of Arthur et 
al.‟s (2003) seven AC categories as proposed in their initial study. To allow the model to be fully 
identified, one of the loading weights from a manifest indicator to a latent factor had to be 




constrained to a set value. This was necessary since only one manifest indicator loaded onto the 
latent factor. More specifically, only one indicator (leadership) was present for Arthur et al.‟s 
(2003) influencing others factor. The path coefficient from the exogenous latent variable (i.e., 
influencing others) to its single manifest indicator (i.e., leadership) was constrained to .80 and 
the loading of the disturbance term on the manifest indicator to .20. This value was obtained by 
using a parallel forms type of reliability based on the average intercorrelation of values that were 
coded as „leadership‟. Otherwise, the remaining six of the seven dimensions posited by Arthur et 
al. (2003) had multiple indicators and were freely estimated. The only other constraints placed on 
the model were fixing one of the loadings for each latent variable to 1.0 to allow the model to 
converge (i.e., reference indicators).  
 Arthur et al.‟s (2003) model fit the data very well. Overall, the fit indices were all within 
acceptable ranges (χ
2
 = 316.29, df = 99; RMSEA = 0.049; CFI = 0.96; NNFI = 0.95; See Table 
2). Based on the results of this CFA model, these results suggest that Arthur et al.‟s (2003) 
framework provides a good representation of the relationship among AC dimensions. In other 
words, these seven categories explain covariance among the lower-order dimensions very well. 
Further, Arthur et al.‟s (2003) framework serves as an acceptable baseline model to compare the 
alternative a priori models against. 
Research Question 2: Comparison of alternative models 
 The second objective of this study was to examine whether Arthur et al.‟s (2003) model 
is the best-fitting model, or whether one of the alternative models better fits the data. To address 
this research question, each of the alternative a priori CFA models presented in Figure 1 were 




tested as a first-order factor model (i.e., the 17 indicators loaded directly onto the latent factors). 
These CFA models and their factor loadings are shown in Figures 3 – 6 (Appendix F).  
 First, all of the alternative models fit the data well in absolute terms (See Table 3). 
Specifically, the χ
2
, RMSEA, CFI, and NNFI all fell within acceptable ranges, based on rules of 
thumb. In evaluating each model in isolation, the reported fit indices would indicate that each 
one provides an acceptable fit to the data. However, in evaluating what constructs underlie AC 
dimension ratings, a comparison of alternative models provides a more thorough explanation of 
observed covariance in AC ratings (Bollen, 2000). Arthur et al.‟s (2003) model had the best χ
2
 
(316.29, df = 99), its RMSEA (0.049), CFI (0.96) and NFI (0.95) were the same as the next-best 
fitting models, and its NNFI did not improve when the number of factors was reduced. In 
comparing the models to each other, the ECVI was best for the seven-factor model (ECVI = 
0.46), and worst for the two-factor (ECVI = 0.53) and one-factor (ECVI = 0.53) models. 
However, the PNFI, which provides an adjustment for model parsimony, indicated that the one-
factor model fit the best. Further, the biggest increase in the PNFI was evident in comparing the 
seven-factor (PNFI = 0.69) and four-factor models (0.79). In further reducing the number of 
factors, the PNFI changed 0.01 between the three-factor, two-factor, and one-factor models, 
respectively.  
Taken together, it appears as though model fit is not substantially improved by a further 
reduction in the number of dimensions. Specifically, Arthur et al.‟s (2003) model had the best χ
2
, 
ECVI, and NFI values. Further, the RMSEA, NNFI, and CFI values were the same as the next 
best values for the alternative a priori models. Only the PNFI improved as the number of 
dimensions was reduced. However, this should be expected as PNFI makes an adjustment for   









 / df RMSEA ECVI 90% CI CFI NFI NNFI PNFI 
7-Factor 316.29 99 3.19 0.049 0.46 0.41; 0.53 0.96 0.95 0.95 0.69 
4-Factor 374.60 114 3.29 0.050 0.49 0.43; 0.56 0.96 0.94 0.95 0.79 
3-Factor 374.61 116 3.23 0.049 0.49 0.43; 0.56 0.96 0.94 0.95 0.80 
2-Factor 411.98 118 3.49 0.052 0.53 0.46; 0.60 0.95 0.94 0.95 0.81 
1-Factor 415.59 119 3.49 0.052 0.53 0.46; 0.60 0.95 0.94 0.95 0.82 
 
Note. Each of the models tested represent the sequence in Figure 1: 7-Factor represents Arthur et al.‟s (2003) model, 4-Factor 
represents Borman and Brush‟s (1993) model, 3-Factor represents Schmitt‟s (1977) model, 2-Factor represents Shore et al.‟s (1992) 
model, and 1-Factor represents a unidimensional model (i.e., Viswesvaran et al., 2005).  
 
  




model parsimony. In short, Arthur et al.‟s (2003) model appears to provide the best fit to the data 
and may best represent the constructs underlying AC dimension ratings.  
Post-Hoc Analyses / Hierarchical Models 
Since all of the a priori models fit very well when tested as first-order models, a post hoc-
analysis was conducted to determine whether one of several hierarchical models fit the data 
better than the first-order seven-factor model. In other words, might the addition of a higher-
order set of latent factors improve the fit of the model (i.e., explain variance in the seven 
factors)?  To answer this question, each of the alternative models were examined as a set of 
higher-order factors that might explain variance in Arthur et al.‟s (2003) seven factors. These 
models are presented in Appendix I. Results of these analyses are presented in Table 4.  
 In testing these models, an adjustment had to be made to the four-factor Borman and 
Brush (1993) higher-order factor model. Since the sole indicator for the higher-order „leadership 
and supervision‟ factor was Arthur et al.‟s (2003) „leadership‟ factor, this factor served as a 
lower-order factor that did not correlate with the other three higher-order factors. In order to 
construct a fully-identified model, the model presented in Figure 7 (Appendix I) was evaluated.   
Of these models, the hierarchical three-factor Schmitt (1977) model generally fit the data 
as well as the Arthur et al. (2003) seven-factor first-order model. Each of the remaining models 
fit worse than these two. More specifically, the first-order Arthur et al. (2003) seven-factor 
model had a smaller χ
2
 value when compared with all of the others models. However, this value 
was not significantly different from the three-factor hierarchical model (Δχ
2
 = 21.05, Δdf = 12, p 
= .05). In addition, the hierarchical three-factor model had a smaller RMSEA (0.047) as well as a 
smaller χ
2
 / df ratio (3.07) than the seven-factor first-order model (3.19). Further, the ECVI, CFI,   









 / df RMSEA ECVI 90% CI CFI NFI NNFI PNFI 
7-Factor† 316.29 99 3.19 0.049 0.46 0.41; 0.53 0.96 0.95 0.95 0.69 
4-Factor 529.13 111 4.77 0.064 0.67 0.59; 0.75 0.93 0.91 0.91 0.75 
3-Factor 337.34 110 3.07 0.047 0.46 0.41; 0.53 0.96 0.95 0.95 0.77 
2-Factor 371.97 112 3.32 0.050 0.50 0.40; 0.56 0.96 0.94 0.95 0.78 
1-Factor 372.99 113 3.30 0.050 0.49 0.43; 0.56 0.96 0.94 0.95 0.78 
 
Note. †7-Factor represents Arthur et al.‟s (2003) model as tested above, presented here for ease of comparison. Each of the 
hierarchical models tested represent a set of higher order factors the explain variance in Arthur et al.‟s (2003) 7-factor model. 
 




NFI, and NNFI were all the same for these two models. In general, the hierarchical three-factor 
model appears to fit slightly better, if not the same as the seven-factor first-order model. Hence, 
this model might serve as a useful framework for conceptualizing the constructs underlying AC 
dimensions.  
Research Question 3: Classification of dimensions by SMEs 
The third objective of this study was to provide additional evidence for how well 
experienced raters can sort primary dimensions into broader categories (i.e., the a priori models). 
To address this question the relative frequency in which the SMEs categorized each of Thornton 
and Byham‟s (1982) dimensions into the broader categories of each of the a priori models was 
evaluated. Here, the cutoff agreement level was 75% (i.e., if the 8 SMEs categorized the 
dimension into the same category at 75% or greater). Results are presented in Table 3. For the 
relative frequency of classifications, see Tables 13 – 16 (Appendix H).  
Arthur et al.‟s (2003) seven-factor model provided the greatest number of agreed-upon 
dimension classifications. Specifically, SMEs categorized dimensions into the same category for 
23 out of the 33 dimensions. For the four-factor and two-factor models, SMEs categorized 21 out 
of the 33 dimensions into the same category, and for the three-factor model only 14 of the 33 
dimensions were categorized into the same category by SMEs. Hence, these results suggest that 
Arthur et al.‟s (2003) model facilitated the greatest level of agreement among SMEs in how they 
perceived that dimensions grouped together. Overall, it appears that Arthur et al.‟s (2003) 
dimensions provided SMEs with a more useful framework for categorizing lower-order 
dimensions.  
  




Table 5. SME Agreement for Dimension Classifications 
Model Number of Dimensions at 75% Agreement (%) 
Arthur et al. (2003) 7-Factor 
23 (70%) 
Borman and Brush (1993) 4-Factor 
21 (64%) 
Schmitt (1977) 3-Factor 
14 (42%) 









At a 75% level of agreement, the results provide additional support for the usefulness of 
the seven-factor Arthur et al. (2003) model, as it allows for the highest level of agreement in the 
classification of lower-order dimensions. Hence, these results demonstrate additional evidence 
for the usefulness of Arthur et al.‟s (2003) seven dimensions in terms of how useful they are for 
raters, such that SMEs can most effectively categorize primary dimensions into this framework. 
Summary of Results 
 In summary, the results support the usefulness of Arthur et al.‟s (2003) framework as a 
set of constructs that underlie AC dimension ratings. Empirically, this model fit the data well 
based on the model-data fit indices. Also, in comparison with the alternative models, Arthur et 
al.‟s (2003) model fit the data the best. In addition, supplemental analyses show that a higher-
order model with three broader factors fit the data as well (if not slightly better) than Arthur et 
al.‟s (2003) first-order seven-factor model. Further, SMEs were able to best classify primary 
dimensions into these seven dimensions in comparison with the alternative models. Overall, 
these results provide additional evidence for how these broader categories may represent the 
constructs underlying AC dimension ratings. 
  








Summary of Findings 
The AC method has been popular for years, and for several reasons. Large-scale studies 
have demonstrated that ACs predict work performance (Arthur et al., 2003; Gaugler et al., 1983), 
and do so above and beyond commonly used paper-and-pencil predictors (Meriac et al., in 
press). In addition, applicants have shown more positive reactions to ACs in comparison with 
other common predictors (Macan et al., 1994). Recently however, the AC method has been 
criticized for several reasons, most of which center on construct-related validity evidence for 
dimensions (Lance et al., 2004).  
Until the early 1980‟s, AC researchers conducted several studies with the purpose of 
examining the constructs underlying dimension ratings, largely taking an exploratory approach 
(i.e., exploratory factor analysis). These studies were carried out to determine if broader 
categories or “constructs” emerged from dimension ratings, and several studies (e.g., Schmitt, 
1977) revealed that broader latent categories did explain variance in dimension ratings. This line 
of inquiry shifted as the MTMM approach was applied to within-exercise dimension ratings 
(Sackett & Dreher, 1982), with a focus on whether dimension or exercise effects were stronger in 
PEDRs. For the most part, these studies concluded that observed variance is attributable to 
exercise effects more than dimension effects, calling into question the construct-related validity 
of AC dimension ratings.  




However, despite over 20 years of examining AC dimensions using MTMM analyses, no 
consensus has been reached regarding AC construct-related validity issues. Some researchers 
have recently called into question the use of the MTMM analytic design‟s applicability toward 
AC research altogether, as AC exercises were never designed to „equally‟ measure all 
dimensions, nor are dimensions the same as „traits‟ (Howard, 2008; Lance et al., 2007). 
Furthermore, a logical prerequisite has been neglected in MTMM-oriented studies, in that AC 
dimensions have typically been taken at face value, without a proper development or exploration 
of underlying constructs (Arthur et al., 2008). More specifically, the constructs that should 
exhibit validity evidence have never been clearly articulated. 
This study‟s core purpose was to provide some clarification on what constructs underlie 
AC dimension ratings. Toward this end, an approach similar to that taken by early AC 
researchers was used, where broader latent categories were examined as possible constructs 
underlying dimension ratings. However, these earlier studies were almost exclusively conducted 
on primary samples, and typically took an exploratory approach. This study took a large-scale 
focus by using meta-analysis, and integrated several a priori models in a confirmatory approach 
(i.e., using CFA). Several models from both the AC literature as well as the general job 
performance literature emerged as possible frameworks for explaining the constructs that 
underlie AC ratings. An examination of several alternative a priori models in this context 
represents the first attempt to integrate multiple theoretical models with respect to AC 
dimensions. Further, SMEs were asked to group primary AC dimensions into each of the a priori 
models based on dimension definitions. The classification of dimensions by SMEs into higher-
order categories sheds light on how assessors think about the constructs that are measured in 




ACs (i.e., schemas of how dimensions group together), and how they might treat these categories 
if they were used to group primary dimensions. These two approaches provide different types of 
information, yet they contribute to our understanding of what constructs underlie ACs.  
The CFA results revealed that Arthur et al.‟s (2003) seven-category framework fit the 
empirical data very well. In addition, a comparison of these models revealed that Arthur et al.‟s 
(2003) framework provided the best fit to the empirical data when compared with the alternative 
models. These results compliment the findings of previous studies and suggest that this model 
may serve as a good representation of the constructs underlying AC dimension ratings. Both 
Arthur et al. (2003) and Meriac et al. (in press) used Arthur et al.‟s (2003) framework to examine 
the predictive validity of AC dimensions (i.e., constructs). The results of both studies showed 
that these categories are strong predictors of work performance. Bowler and Woehr (2006) 
evaluated the construct-related validity of AC dimensions by using six of these categories in a 
meta-analytic MTMM design, and found that, in general, this model improves upon the common 
problem where larger „exercise effects‟ emerge in comparison with „dimension effects‟ in 
primary studies. Specifically, recent studies (e.g., Lance et al., 2004) have shown that exercise 
effects are much larger than dimension effects, but Bowler and Woehr demonstrated that these 
effects are roughly the same size. Hence, these results help clarify what constructs underlie AC 
dimension ratings by providing additional support for Arthur et al.‟s (2003) seven dimensions.  
Further, this study provides additional evidence for how raters can use these constructs. 
Specifically, the results demonstrate that AC raters can more easily group primary dimensions 
into Arthur et al.‟s (2003) seven categories than the categories of the other alternative 
frameworks. This study differs from previous research in that although Arthur et al. (2003) 




grouped Thornton and Byham‟s (1982) dimensions into higher-level categories, they did not 
directly evaluate the level of agreement among SMEs. This study provides additional 
information about how experienced AC raters view primary dimensions as belonging to broader 
categories. As many AC studies contain potentially redundant dimension labels, the capacity for 
raters to utilize a summary framework for reporting this information is important. In addition, the 
extent to which raters agreed upon dimension classifications suggests how raters perceive these 
dimensions as grouping together, such that raters may be to some extent predisposed to use this 
framework for the classification of dimensions. This is important for underscoring the usefulness 
of this framework for existing ACs.  
 In addition to demonstrating additional support for Arthur et al.‟s (2003) model, this 
study also tested a set of hierarchical models to determine whether one of these additional 
models provided a better fit to the meta-analytic data. These post-hoc analyses revealed that a set 
of three higher-order factors, based on Schmitt‟s (1977) framework, serves as a more 
parsimonious set of latent variables for explaining variance in AC dimension ratings. This model 
may serve as a viable alternative framework for offering feedback to assessees or conveying 
information to managers. Although Arthur et al.‟s (2003) model fit the best as a first-order 
model, these three higher-order latent factors may serve as an alternative approach for providing 
feedback when summary information at an even more general level is helpful. This set of higher-
order factors fit better than a 4, 2, or 1-factor higher-order model, indicating that although a more 
parsimonious set of categories did have good model-data fit, a 2 or 1-factor model is simply too 
general to be useful in the AC context. Hence, although Arthur et al.‟s (2003) model did have the 
best fit as a first-order model, a set of summary dimensions may also be useful.  





Foremost, these results provide some clarification on the constructs underlying AC 
ratings, as they offer evidence for the notion that a set of latent variables explains variance in AC 
dimensions. In line with previous research (Arthur et al., 2003; Bowler & Woehr, 2006; Meriac 
et al., in press), this study provides additional evidence for Arthur et al.‟s (2003) dimensions as a 
set of constructs that underlie AC dimension ratings. Hence, these results offer important 
empirical support for the factor structure of these seven categories. Given the lack of 
development of constructs in AC research, this is valuable information that may foster a greater 
understanding of what exactly is being measured in ACs.  
These findings are important for several reasons. In particular, constructs are the 
foundation of psychological science (Arthur et al., 2008; Landy, 1986), and theory is typically 
discussed at this level. According to Binning and Barrett (1989) and reviewed by Arthur and 
Villado (2008), validity itself ultimately represents a series of inferences regarding the linkages 
between constructs in different domains (e.g., cognitive ability and job performance). Ignoring 
the constructs that are operating in ACs (or taking them at face value) has been a problem with 
ACs for years (Arthur et al., 2008). This study provides important information and is intended to 
address this issue. Studies that have evaluated the „validity‟ of ACs have often treated primary 
dimensions as generic „constructs‟ or made validity inferences about a method. By considering 
the constructs that operate in ACs, inferences made regarding their validity are more appropriate 
as the constructs that are operating will have been more clearly delineated to begin with. Further, 
taking a construct-centered approach, it may be possible to better develop AC theory and gain a 




clearer understanding of how these AC constructs relate to other commonly-used (and more 
rigorously-developed) predictors (e.g., personality and mental ability variables).  
In addition to improving upon validity evidence for the constructs that ACs measure, 
discussing information at the construct-level is important for making comparisons with other 
predictors. A frequent topic in personnel selection research is how the use of some predictors 
results in disparate impact for applicant subgroups. For example, cognitive ability is generally 
regarded as the strongest predictor of work performance (Schmidt & Hunter, 1998). However, 
results of several studies have demonstrated that it results in disparate impact for minority 
groups. With few exceptions (e.g., Dean et al., 2008), ACs are regarded as strong predictors of 
performance, yet they do not result in disparate impact. The construct-method confusion in the 
AC literature (Arthur & Villado, 2008) has resulted in a comparison between disparate impact 
caused by the use of a construct (cognitive ability) and a method (ACs). A more meaningful 
discussion of how predictors operate should not confuse construct and method, or at least 
separate these two sources of variance. Hence, by taking a construct-centered approach to AC 
ratings, researchers could explore subgroup differences on scores of „organizing and planning‟ or 
„influencing others‟ rather than „AC ratings‟, or perhaps whether different methods of measuring 
these and other constructs results in disparate impact or not.  
These results also highlight the usefulness of Arthur et al.‟s (2003) model as a 
categorizing framework for information typically reported at the primary dimension-level. 
Specifically, AC practitioners could take primary dimension ratings and use this framework for 
grouping existing dimensions for the purpose of providing feedback as well as a mechanism for 
conveying information to managers and other organizational decision makers. Hence, these 




dimensions are useful for many ACs in their existing form, and most ACs may not necessarily 
need to be re-designed to utilize the findings of this study. As demonstrated by Bowler and 
Woehr (2006), utilizing this framework in such a manner has shown improvement in the 
convergent and discriminant validity of AC ratings.  
AC designers could however use this framework as a starting point to design new ACs by 
ensuring that all of these constructs are in some way measured, at least if they wish to tap the full 
content domain of common ACs. This would essentially entail designing new ACs around the 
measurement of constructs. Additionally, ACs that do not encompass this full content domain 
could be re-designed so that these constructs are adequately represented in the behavioral 
exercises. Taking this approach may improve upon the measurement properties of ACs by at 
least ensuring that some constructs are measured before making further inferences regarding 
their validity (e.g., criterion-related validity).  
In addition, a set of three higher-order factors may serve as a viable means for conveying 
AC ratings to managers (i.e., an abbreviated summary). Rather than presenting managers who 
will be making selection or promotion decisions with a long list of several dimensions, 
information could be provided in more parsimonious manner based around Schmitt‟s (1977) 
three factors. Managers may be able to more effectively process information when presented 
with a more parsimonious set of broader dimensions. This could be particularly helpful when 
comparing the performance of multiple assessees on multiple dimensions. It is important to 
underscore that especially with the higher-order three-factor model, the results of this study 
indicate that primary dimensions should only be grouped into these categories, not measured 
directly through three factors, as Arthur et al.‟s (2003) model fit better than a three-factor model 




(Schmitt, 1977) when these were tested as first-order models. The three-factor model only fit 
better when tested as a hierarchical model. This is not to say that if raters are trained to think of 
dimensions as belonging to higher-order categories this may improve convergent and 
discriminant validity.  
This study is the first to provide an empirical verification of how well Arthur et al.‟s 
(2003) framework fits the reported AC data. In addition, this study is the first to compare how 
well Arthur et al.‟s (2003) model fits in comparison with alternative frameworks. Further, until 
now no study has provided a direct evaluation of how well trained and experienced raters can 
utilize each of these frameworks for categorizing primary dimensions. Overall, the results of this 
study have several implications for AC research and practice. Providing clarity on the constructs 
operating in ACs may help guide AC theory by fostering a discussion of ratings at a proper level 
of conceptualization.  
Limitations 
Despite the implications of these findings, there are several limitations that must be 
discussed. One shortcoming of the present study is that all of Thornton and Byham‟s (1982) 
dimension intercorrelations could not be included in the CFA analyses. More specifically, from 
the MA results, 17 of the 33 dimensions were able to be used in the analyses, yet 16 could not. If 
more dimension intercorrelations had been available, the results may have provided a more 
rigorous examination of how these models compare. As additional AC data become available, it 
is possible that several more dimension intercorrelations can be reported and included.  Still, 
with multiple manifest indicators for all but one of Arthur et al.‟s (2003) dimensions, this study 




provided a satisfactory test of this model and helps increase our understanding of how these 
constructs operate.  
An additional concern became apparent as the dimensions were coded into Thornton and 
Byham‟s (1982) list: Many of the dimensions that they listed were simply not measured (or at 
least reported) by ACs at all. Thornton and Byham‟s (1982) list of commonly used AC 
dimensions might be improved by including more interpersonal and influence-oriented 
dimensions. A refinement of this list may be helpful for AC researchers and practitioners by 
more clearly specifying the dimensions that should be grouped into broader categories (i.e., 
constructs). Even if researchers‟ and practitioners‟ primary objectives are to group dimensions 
into Arthur et al.‟s (2003) categories, increased specificity in Thornton and Byham‟s (1982) list 
of primary dimensions would aid in the task of grouping primary dimensions. In addition, it is 
possible that a modified list of commonly used AC dimensions may impact the fit of these 
models when different dimensions are used as the manifest indicators. However, in line with 
previous research (i.e., Arthur et al., 2003), the present study utilized the same classification 
taxonomy as Arthur et al., therefore providing results that are more easily comparable with their 
findings.  
 An additional concern arose in the evaluation of how well SMEs were able to group 
primary dimensions into the a priori models. Specifically, raters had the lowest level of 
agreement when using the three-factor (Schmitt, 1977) framework. When categorizing 
dimensions into this three-factor framework, this model resulted in the fewest number of 
dimensions classified into the same categories by SMEs. Hence, raters might not be able to 
effectively utilize this model as well for grouping dimensions into broader categories (i.e., they 




may not use this AC performance schema). Considering all of the information together, there is 
still some uncertainty as to how well a hierarchical model may operate for AC raters, even 
though a model with three higher-order factors fit the data as well as the seven-factor model. 
Hence, the usefulness of a three-factor hierarchical model as a higher-order summary framework 
must be evaluated further if AC administrators would like to use this summary framework to 
convey information to others (i.e., managers or assessees). The discrepancy between raters‟ 
agreement in their classifications and the results of the CFA necessitate further evaluation.  
 Although the raters that were asked to classify primary dimensions into the broader 
categories of the five frameworks were trained and experienced with both administrative and 
developmental ACs, they were all trained using the same rating approach. Specifically, they were 
trained in the common process where assessees are observed while they participate in exercises, 
behaviors are recorded and ratings are made on dimensions within exercises, and then these 
ratings are compiled in a consensus / discussion meeting where final dimension ratings are 
decided. Two variations on the rating approach are the original AT&T method (Howard, 2008) 
where ratings are only assigned after behavior is observed across all exercises, and the task-
based approach (Jackson et al., 2005), where raters are trained with the intention of rating 
performance on exercises rather than dimensions. In addition, many rating procedures utilize 
behavioral checklists or behavioral observation scales (Spychalski et al., 1997), which is yet 
another variation of behavior-recording component of the AC rating process. Further, the extent 
to which raters are trained to utilize different primary dimension frameworks poses yet another 
consideration for how the raters who participated in the present study may be different from 
raters from other backgrounds in their dimension classifications. Hence, generalizability may be 




a concern with raters‟ dimension classifications. Future studies should include more diverse 
samples with raters from different backgrounds and evaluate whether any differences exist in 
how they classify primary dimensions.  
Future Directions 
The models tested in this study were general in nature (i.e., they are expected to apply 
across job settings). In addition, the use of meta-analytic data to empirically examine these 
models represents a more general examination of how they operate, as opposed to how they work 
in specific job contexts. Future studies should further evaluate how well these seven constructs 
operate in a general capacity. The data cumulated in the present study did not allow for an 
examination of moderator variables, but future studies may be able to test how these constructs 
operate across job settings. It is possible that some jobs that have a great deal more influence and 
interpersonal components to them (i.e., managerial work) may find more value in the more 
interpersonally-oriented constructs (i.e., influencing others). On the other hand, lower-level 
supervisory jobs may find more importance in constructs such as planning and organizing. 
Measurement invariance studies could help determine whether this same factor structure is 
applicable across different job settings (Vandenburg & Lance, 2000). In addition, the application 
of modern analytic techniques for determining relative importance such as dominance analysis 
(Budescu, 1993; Johnson & LeBreton, 2004) on different samples may reveal if some of these 
constructs are more important for different job types than others. 
AC research and practice may also benefit from a closer examination of how these 
constructs improve AC psychometric issues when ACs are explicitly designed to measure them. 
Bowler and Woehr (2006) have already demonstrated that the use of these categories improves 




upon the convergent and discriminant validity evidence in ACs. However, these constructs have 
only been employed in a post-hoc context; more specifically, primary dimension labels have 
been collapsed into them, rather than using them directly. Although the results of the present 
study provide support for categorizing AC dimensions in their existing form into broader 
categories, using Arthur et al.‟s (2003) categories as a starting point for new ACs may further 
allow for an evaluation of the usefulness of these constructs. Rather than designing an new AC 
with a long list of dimensions, researchers and practitioners could simply use Arthur et al.‟s 
(2003) seven categories as the focal constructs of interest that are measured by the AC.  As 
demonstrated by Woehr and Arthur (2003), ACs that measure fewer dimensions typically 
demonstrate greater convergent validity evidence.  Also, reducing the number of dimensions 
measured in an AC can improve discriminant validity, as raters can more easily distinguish 
among fewer (i.e., broader) dimensions (Gaugler & Thornton, 1989). ACs that are designed to 
explicitly measure these constructs, as well as rater training that centers around this framework, 
may improve upon the measurement properties exhibited by ACs.  
However, Arthur et al.‟s (2003) dimensions may be best represented as the models in this 
study were constructed: A set of latent factors that explain variance in a set of observable 
dimension ratings. In other words, practitioners may still see value in the use of more narrowly-
defined dimension labels for making ratings and classifying observed behaviors. Viewing 
primary dimensions as belonging to higher-order categories may be possible for providing more 
specific feedback as well as a more parsimonious set of constructs for other purposes (e.g., 
administrative). Such approaches have been utilized for years in psychological research and 
practice. For example, the five-factor model of personality constructs operate such that they are 




five broad constructs, yet they have facet-level information that provides more specific 
information about an individual‟s personality (Barrick & Mount, 1991). These AC dimensions 
may operate in a similar manner. Future studies should make a direct comparison between these 
two approaches and evaluate the effectiveness of designing ACs around each approach.  
Another potential avenue for future research is an examination of how these dimensions 
operate in feedback contexts. Previously, Arthur et al.‟s (2003) framework has only been 
evaluated in selection or administrative-oriented contexts (i.e., how well they predict job 
performance; Arthur et al., 2003; Meriac et al., in press). A broad four-factor model has been 
developed specifically for developmental ACs (Gibbons et al., 2006). A comparison of this 
model with Arthur et al.‟s (2003) dimensions for feedback reactions and developability may be 
helpful to determine how well these constructs generalize to this context. It is possible that 
providing feedback using these broader categories may aid both assessees and feedback 
administrators by grounding performance feedback in a construct-oriented nature (as opposed to 
a loose configuration of several performance dimensions).  
Regarding the cognitive representation of these constructs, future studies should further 
evaluate the AC performance schemas of raters. More specifically, analytical approaches such as 
multidimensional scaling (MDS) may provide additional evidence of how raters perceive 
primary dimensions to group together based on their similarity, and what constructs emerge 
based on similarity ratings. It is possible that an evaluation of rater schemas may reveal 
additional information about the constructs underlying AC dimension ratings. For instance, 
similarities or differences between the CFA results and MDS results may reveal ways in which 




these constructs could be further developed or modified to increase their convergence and 
potentially improve upon the psychometric properties of AC ratings.  
This study has made an attempt at uncovering the constructs that underlie dimension 
ratings by integrating and examining several a priori models. It is apparent that Arthur et al.‟s 
(2003) seven factor-model seems to best explain covariance among observed dimension ratings. 
However, much work remains if these dimensions are to approximate the empirical rigor of more 
mainstream psychological constructs (e.g., personality and cognitive ability variables). An 
additional step toward doing this is by taking an external approach toward construct validation 
(i.e., further developing the nomological network of these constructs). Meriac et al. (in press) 
compared these constructs with the big five personality factors and general mental ability, and 
found that these seven constructs shared a modest proportion of variance with these variables. 
However, there are other popular constructs that may relate to these AC dimensions in different 
ways. For example, more interpersonally-oriented constructs, such as respondents‟ ratings on 
transactional and transformational leadership (Bass, 1985) or social intelligence (Zacarro, 2002) 
may relate differently to these dimensions and further clarify the nomological network of these 
AC constructs. Also, these constructs have thus far only been examined as predictors of general 
job performance ratings (e.g., Arthur et al., 2003; Meriac et al., in press). It would be informative 
to examine how well these constructs predict multidimensional criteria, as well as extra-role 
performance (i.e., organizational citizenship behavior). A more thorough examination of these 
constructs‟ nomological network with additional individual difference constructs as well as 
additional criteria will further help clarify how these constructs operate.  




In addition, using the MTMM design (Campbell & Fiske, 1959) in a more appropriate 
manner may actually improve upon our understanding of the constructs measured in ACs, 
however not in the way that it has been recently implemented in the literature. Rather than 
treating AC exercises as „methods‟, it would be more appropriate to treat the AC itself as a 
method, and design other methods (e.g., situational judgment tests, situational interviews) to 
measures these same constructs (Rupp, Thornton & Gibbons, 2008). In this context, convergent 
and discriminant validity could be evaluated by comparing these seven constructs measured by 
ACs as well as other methods (Arthur & Villado, 2008). As this study has provided additional 
evidence that ACs measure constructs, future studies should continue this line of inquiry to help 
gather additional validity evidence.  
Summary and Conclusions 
 In general, this study provides some clarity on the constructs that underlie AC dimension 
ratings. A rigorous examination was taken that incorporated multiple a priori models, spanning 
both the AC literature as well as the general job performance literature. In addition, two data 
sources were used to address the research questions. As reviewed by Arthur et al. (2008), when 
compared to more mainstream predictors in Psychological research, ACs have been deficient 
with respect to describing the constructs that are measured. Here this issue was addressed by 
integrating existing models from both the AC and general job performance literature. Overall, 
Arthur et al.‟s (2003) framework appears to provide the best fit to the data, as well as the greatest 
ease in classifying dimensions for experienced AC raters. The results of this study provide 
additional evidence that these dimensions may be treated as relevant constructs for what is 




measured in ACs. Based on these results, it is possible to improve our understanding and use of 
the AC method by taking a construct-centered approach toward what they actually measure.  
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A Priori Models Included and Dimension Definitions 
 
  




Table 6. Arthur et al.‟s (2003) Taxonomy 
Label Definition 
1. Communication conveying oral and written information and responding to 
questions and challenges 
2. Consideration / 
Awareness of Others 
considering the feelings and needs of others as well as being 
aware of the impact of decisions relevant to other constituents 
both inside and outside the organization 
3. Drive originating and maintaining a high activity level, setting high 
performance standards and persisting in their achievement, and 
expressing the desire to advance to higher job levels 
4. Influencing Others persuading others to do something or adopt a point of view in 
order to produce desired results and takes action in which the 
dominant influence is one‟s own convictions rather than the 
influence of others‟ opinions 
5. Organizing and 
Planning 
the extent to which an individual systematically arranges 
his/her own work and resources as well as that of others for 
efficient task accomplishment; and the extent to which an 
individual anticipates and prepares for the future 
6. Problem Solving gathering information, understanding relevant technical and 
professional information, generating viable options, ideas and 
solutions, selecting supportable courses of action for problems 
and situations, using available resources in new ways, and 
generating and recognizing imaginative solutions 
7. Stress Tolerance the extent to which an individual maintains effectiveness in 
diverse situations under varying degrees of pressure, 
opposition, and disappointment 
 
  









Communicating effectively and keeping others informed; 
Representing the organization to customers and the public; 
Maintaining good working relationships; Selling / Influencing 
2. Leadership and 
Supervision 
Guiding, directing, and motivating subordinates and providing 
feedback; Training, coaching, and developing subordinates; 
Coordinating subordinates and others resources to get the job 
done 
3. Technical Activities 
and the “Mechanics 
of Management” 
Planning and organizing; Technical proficiency; 
Administration and paperwork; Decision making / problem 
solving; Staffing; Monitoring and controlling resources; 
Delegating; Collecting and interpreting data 
4. Useful Personal 
Behavior and Skills 








Table 8. Schmitt‟s (1977) Taxonomy  
Label Definition 
1. Administrative Skills inner work standards, organizing and planning, decision 
making, decisiveness, and written communication skills 
2. Interpersonal Skills tolerance of uncertainty, self-objectivity, behavior flexibility, 
and leadership skills 
3. Activity / 
Forcefulness 
energy, resistance to stress, need advancement, forcefulness, 
reliance on others, and oral communication 
 
  




Table 9. Shore et al.‟s (1990) Taxonomy  
Label Definition 
1. Interpersonal-Style an assessee‟s amount of participation, the impact they had on 
outcomes, personal acceptability, and understanding of people 
2. Performance-Style originality, oral communication, recognizing priorities, need 
for structure, thoroughness, work quality and work drive 
 
  





Thornton and Byham‟s (1982) List of Common AC Dimensions 
  




Table 10. Thornton and Byham‟s (1982) List of Common AC Dimensions 
1. Oral communication Effective expression in individual or group situations (includes 
gestures and nonverbal communications) 
2. Oral presentation Effective expression when presenting ideas or tasks to an 
individual or to a group when given time for preparation 
(includes gestures and nonverbal communication) 
3. Written communication Clear expression of ideas in writing and use of good 
grammatical form 
4. Planning and Organizing Establishing a course of action for self and/or others to 
accomplish a specific goal; planning proper assignments of 
personnel and appropriate allocation of resources 
5. Delegation Utilizing subordinates effectively; allocating decision making 
and other responsibilities to the appropriate subordinates 
6. Control Establishing procedures to monitor and/or regulate processes, 
tasks, or activities of subordinates and job activities and 
responsibilities; taking action to monitor the results of 
delegated assignments or projects 
7. Development of 
Subordinates 
Developing the skills and competencies of subordinates 
through training and development activities related to current 
and future jobs 
8. Organizational Sensitivity Action that indicates an awareness of the impact and the 




Action that indicates an awareness of the impact and 




Use of knowledge of changing societal and governmental 
pressures outside the organization to identify potential 
problems and opportunities 
11. Organizational Awareness Use of knowledge of changing situations and pressures inside 
the organization to identify potential organizational problems 
and opportunities  
12. Sensitivity Actions that indicate a consideration for the feelings and needs 
of others 
13. Leadership  Utilization of appropriate interpersonal styles and methods in 
guiding individuals (subordinates, peers, superiors) or groups 
toward task accomplishment 
14. Recognition of Employee 
Safety Needs 
Awareness of conditions that affect employees‟ safety needs 
and taking action to resolve inadequacies and discrepancies 
  




15. Analysis Identifying problems, securing relevant information, relating 
data from different sources, and identifying possible causes of 
problems 
16. Judgment Developing alternative courses of action and making decisions 
based on logical assumptions that reflect factual information 
17. Creativity Generating and/or recognizing imaginative solutions and 
innovations in work-related situations 
18. Risk-Taking Taking or initiating action that involves a deliberate gamble in 
order to achieve a recognized benefit or advantage 
19. Decisiveness Readiness to make decisions, render judgments, take action or 
commit oneself 
20. Technical and Professional 
Knowledge  
Level of understanding of relevant technical and professional 
information 
21. Energy Maintaining a high activity level 
22. Range of Interests Breadth and diversity of general business related knowledge – 
well informed 
23. Initiative Active attempts to influence events to achieve goals; self-
starting rather than passive acceptance. Taking action to 
achieve goals beyond those called for; originating action. 
24. Tolerance for Stress Stability of performance under pressure and/or opposition 
25. Adaptability Maintaining effectiveness in varying environments, with 
various tasks, responsibilities or people 
26. Independence Taking action in which the dominant influence is one‟s own 
convictions rather than the influence of others‟ opinions 
27. Tenacity Staying with a position or plan of action until the desired 
objective is achieved or is no longer reasonably attainable 
28. Job Motivation The extent to which activities and responsibilities available in 
the job overlap with activities and responsibilities that result in 
personal satisfaction 
29. Career Ambition The expressed desire to advance to higher job levels with 
active efforts toward self-development and advancement 
30. Integrity Maintaining social, ethical, and organizational norms in job-
related activities 
31. Work Standards Setting high goals or standards of performance for self, 
subordinates, others and organization. Dissatisfied with 
average performance 
32. Resilience Handling disappointment and/or rejection while maintaining 
effectiveness 
33. Practical Learning Assimilating and applying new, job-related information, taking 
into consideration rate and complexity 
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Table 11. Dimension Intercorrelations, Sample Size (N), and Number of Studies (k)  
 1. 2. 3. 4. 5. 6. 7. 8. 






























































7. Initiative .45 .18 .61 .33 .64 .52 - 
172 
1 
8. Job Motivation .49 .37 .68 .44 .64 .53 .64 - 
9. Leadership .54 .32 .50 .46 .33 .64 .57 .41 
10. Delegation .31 .43 .61 .21 .62 .56 .59 .61 
11. Planning and 
Organizing 
.46 .42 .40 .38 .35 .50 .44 .43 
12. Analysis  .41 .36 .40 .41 .34 .43 .34 .47 
13. Creativity  .46 .28 .64 .41 .50 .50 .38 .57 
14. Decisiveness  .49 .32 .21 .36 .33 .34 .51 .44 
15. Judgment .45 .38 .44 .43 .36 .44 .44 .44 
16. Adaptability .45 .23 .63 .52 .34 .51 .40 .34 








Table 11 (continued) 
 














































































































































































































































16. .56 .45 .36 .38 .39 .28 .41 .44 
3535 
18 
17. .49 .42 .46 .47 .32 .50 .49 .50 .63 
 
  





Missing Meta-Analytic Correlations  




Table 12. Missing Meta-Analytic Dimension Intercorrelations 
 
1 2 3 4 5 6 7 8 9 10 11 12 13 14  
 1. Oral communication . . . X X . . . . . . . . .  
 2. Oral presentation 
 
. . X X . . X . . . . . X  
 3. Written communication 
  
X X X . . . . . . . . .  
 4. Extra-org. awareness 
   
X X X X X X X X X X X  
 5. Extra-org. sensitivity 
    
X X X X X X X X X X  
 6. Organizational awareness 
     
X X X . . . . . .  
 7. Organizational sensitivity 
      
X X . . . . X X  
 8. Rec. of safety needs 
       
X X X X X X X  
 9. Sensitivity 
        
. . . . . .  
10. Career ambition 
         
. . . . .  
11. Energy 
          
X . . .  
12. Initiative 
           
X . .  
13. Job motivation 
            
X .  
14. Tenacity 
             
X  
15. Work standards 
              
 
16. Independence 
              
 
17. Integrity 
              
 
18. Leadership 
              
 
19. Control 
              
 
20. Delegation 
              
 
21. Develop. of subordinates 
              
 
22. Planning and organization 
              
 
23. Analysis  
              
 
24. Creativity  
              
 
25. Decisiveness  
              
 
26. Judgment 
              
 
27. Practical learning 
              
 
28. Range of interests 
              
 
29. Tech. and prof. know. 
              
 
30. Adaptability 
              
 
31. Resilience 
              
 
32. Risk taking 
              
 
33. Tolerance for stress 








Table 12 (continued) 
 
 
15 16 17 18 19 20 21 22 23 24 25 26 27 28 29 30 31 32 33 
1. . . X . . . . . . . . . X . . . X X . 
2. . . X . . X . . . X . . X X X . X . . 
3. . . X . . . . . . . . . X . . . X X . 
4. X X X X X X X X X X X X X X X X X X X 
5. X X X X X X X X X X X X X X X X X X X 
6. . . X . . . X . . . . . X . X . . . . 
7. . X X . . X . . . . X . X . X . X X . 
8. X X X X X X X X X X X X X X X X X X X 
9. . . X . . . . . . . . . . . . . X X . 
10. . . X . X . X . . . . . X . X . X . . 
11. . . X . . . X . . . . . X . X . X . . 
12. . . X . . . . . . . . . X . X . X X . 
13. . . X . X . X . . . . . X . . . X . . 
14. . X X . X . X . . . . . X X X . X . . 
15. . . X . . X . . . . . . . . X . X . . 
16. 
 
X X . X . . . . X . . X X X . X . . 
17. 
  
X X X X X X X X X X X X X X X X X 
18. 
   
. . . . . . . . . X . X . X . . 
19. 
    
. X . . . . . . X X . . X X . 
20. 
     
X X . . . . . X X X . X X . 
21. 
      
X . . X . . . X X . X X X 
22. 
       
. . . . . . . . . X . . 
23. 
        
X . . . X . . . X . . 
24. 
         
X . . X . X . X X . 
25. 
          
X . X . . . X . . 
26. 
           
. X . X . X . . 
27. 
            
X X X X X X X 
28. 
             
X X . X X . 
29. 
              
X X X X X 
30. 
               
. X . . 
31. 
                
X X X 
32. 
                 
X X 
33. 
                  
. 
 
Note. Intercorrelations that were not available are marked with an X. Rows and columns shaded 
in dark gray represent excluded variables.   





A Priori Models Examined in CFA Analyses  










































































































































































Instructions and Forms for Classifying Common AC Dimensions into A Priori Models  




Assessment Center Dimension Rating Task 
 
Subject Matter Expert: Thank you for taking the time to help with this AC dimension coding 
task. The purpose of this task is to decide how you think a list of commonly used AC dimensions 
fits into broader categories. Please read the names, definitions, and examples of each of the 
dimensions carefully. Once you understand the names of these dimensions, please take the list of 
[33] dimensions and sort them into the appropriate categories. To do this, simply write the 
numbers of the labels of the dimensions in the box corresponding to that particular category.  
 
Please consider your responses clearly, and pay careful attention to the conceptual similarity of 
these dimensions. There does not need to be a perfect correspondence between dimension labels, 
the important consideration is where you think the dimensions best match. If you think the level 








Please classify the following dimensions into the categories listed on the previous page 
into the categories below. The purpose of this exercise is to determine how these 
commonly used assessment center dimension labels group together. 
 
Category Primary Dimension Numbers 
1. Communication  
2. Consideration / 
Awareness of Others 
 
3. Drive  
4. Influencing Others  
5. Organizing and 
Planning 
 
6. Problem Solving  








Please classify the following dimensions into the categories listed on the previous page into the 
categories below. The purpose of this exercise is to determine how these commonly used 
assessment center dimension labels group together. 
 
 





2. Leadership and 
Supervision 
 
3. Technical Activities 
and the “Mechanics 
of Management” 
 
4. Useful Personal 









Please classify the following dimensions into the categories listed on the previous page into the 
categories below. The purpose of this exercise is to determine how these commonly used 
assessment center dimension labels group together. 
 
 
Category Primary Dimension Numbers 
1. Administrative Skills  
2. Interpersonal Skills  








Please classify the following dimensions into the categories listed on the previous page into the 
categories below. The purpose of this exercise is to determine how these commonly used 
assessment center dimension labels group together. 
 
 
Category Primary Dimension Numbers 
1. Interpersonal-Style  
2. Performance-Style   
Unclassifiable  
 




Please read the following dimension names and refer to this sheet as necessary when making 
your ratings. 
 
Dimension Name Definition 
1. Oral communication Effective expression in individual or group situations (includes 
gestures and nonverbal communications) 
2. Oral presentation Effective expression when presenting ideas or tasks to an 
individual or to a group when given time for preparation 
(includes gestures and nonverbal communication) 
3. Written communication Clear expression of ideas in writing and use of good 
grammatical form 
4. Planning and Organizing Establishing a course of action for self and/or others to 
accomplish a specific goal; planning proper assignments of 
personnel and appropriate allocation of resources 
5. Delegation Utilizing subordinates effectively; allocating decision making 
and other responsibilities to the appropriate subordinates 
6. Control Establishing procedures to monitor and/or regulate processes, 
tasks, or activities of subordinates and job activities and 
responsibilities; taking action to monitor the results of 
delegated assignments or projects 
7. Development of 
Subordinates 
Developing the skills and competencies of subordinates 
through training and development activities related to current 
and future jobs 
8. Organizational Sensitivity Action that indicates an awareness of the impact and the 




Action that indicates an awareness of the impact and 




Use of knowledge of changing societal and governmental 
pressures outside the organization to identify potential 
problems and opportunities 
11. Organizational Awareness Use of knowledge of changing situations and pressures inside 
the organization to identify potential organizational problems 
and opportunities  
12. Sensitivity Actions that indicate a consideration for the feelings and needs 
of others 
13. Leadership  Utilization of appropriate interpersonal styles and methods in 
guiding individuals (subordinates, peers, superiors) or groups 
toward task accomplishment 
14. Recognition of Employee 
Safety Needs 
Awareness of conditions that affect employees‟ safety needs 
and taking action to resolve inadequacies and discrepancies 
  




15. Analysis Identifying problems, securing relevant information, relating 
data from different sources, and identifying possible causes of 
problems 
16. Judgment Developing alternative courses of action and making decisions 
based on logical assumptions that reflect factual information 
17. Creativity Generating and/or recognizing imaginative solutions and 
innovations in work-related situations 
18. Risk-Taking Taking or initiating action that involves a deliberate gamble in 
order to achieve a recognized benefit or advantage 
19. Decisiveness Readiness to make decisions, render judgments, take action or 
commit oneself 
20. Technical and Professional 
Knowledge  
Level of understanding of relevant technical and professional 
information 
21. Energy Maintaining a high activity level 
22. Range of Interests Breadth and diversity of general business related knowledge – 
well informed 
23. Initiative Active attempts to influence events to achieve goals; self-
starting rather than passive acceptance. Taking action to 
achieve goals beyond those called for; originating action. 
24. Tolerance for Stress Stability of performance under pressure and/or opposition 
25. Adaptability Maintaining effectiveness in varying environments, with 
various tasks, responsibilities or people 
26. Independence Taking action in which the dominant influence is one‟s own 
convictions rather than the influence of others‟ opinions 
27. Tenacity Staying with a position or plan of action until the desired 
objective is achieved or is no longer reasonably attainable 
28. Job Motivation The extent to which activities and responsibilities available in 
the job overlap with activities and responsibilities that result in 
personal satisfaction 
29. Career Ambition The expressed desire to advance to higher job levels with 
active efforts toward self-development and advancement 
30. Integrity Maintaining social, ethical, and organizational norms in job-
related activities 
31. Work Standards Setting high goals or standards of performance for self, 
subordinates, others and organization. Dissatisfied with 
average performance 
32. Resilience Handling disappointment and/or rejection while maintaining 
effectiveness 
33. Practical Learning Assimilating and applying new, job-related information, taking 
into consideration rate and complexity 
 
  





Rater Agreement for Classifying Common AC Dimensions into A Priori Models   




Table 13. Arthur et al. (2003) Rating Agreement 
 
CM CAO DR IO OP PS ST X 
1. Oral communication 1.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 
2. Oral presentation 1.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 
3. Written communication 1.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 
4. Planning and Organizing 0.00 0.00 0.00 0.00 1.00 0.00 0.00 0.00 
5. Delegation 0.00 0.00 0.00 0.63 0.25 0.13 0.00 0.00 
6. Control 0.00 0.13 0.00 0.38 0.38 0.13 0.00 0.00 
7. Development of Subordinates 0.00 0.13 0.13 0.63 0.13 0.00 0.00 0.00 
8. Organizational Sensitivity 0.00 0.75 0.00 0.00 0.13 0.13 0.00 0.00 
9. Extra-Organizational Sensitivity 0.00 0.75 0.00 0.00 0.13 0.13 0.00 0.00 
10. Extra-Organizational Awareness 0.00 0.25 0.00 0.00 0.00 0.75 0.00 0.00 
11. Organizational Awareness 0.00 0.25 0.00 0.00 0.00 0.75 0.00 0.00 
12. Sensitivity 0.00 1.00 0.00 0.00 0.00 0.00 0.00 0.00 
13. Leadership  0.00 0.00 0.00 1.00 0.00 0.00 0.00 0.00 
14. Rec. of Employee Safety Needs 0.00 0.88 0.00 0.00 0.00 0.13 0.00 0.00 
15. Analysis 0.00 0.00 0.00 0.00 0.00 1.00 0.00 0.00 
16. Judgment 0.00 0.00 0.00 0.00 0.00 1.00 0.00 0.00 
17. Creativity 0.00 0.00 0.00 0.00 0.00 1.00 0.00 0.00 
18. Risk-Taking 0.00 0.00 0.50 0.00 0.00 0.13 0.25 0.13 
19. Decisiveness 0.00 0.00 0.38 0.13 0.13 0.38 0.00 0.00 
20. Tech. and Prof. Knowledge  0.00 0.00 0.00 0.00 0.00 0.38 0.00 0.63 
21. Energy 0.00 0.00 1.00 0.00 0.00 0.00 0.00 0.00 
22. Range of Interests 0.00 0.00 0.13 0.00 0.00 0.25 0.00 0.63 
23. Initiative 0.00 0.00 1.00 0.00 0.00 0.00 0.00 0.00 
24. Tolerance for Stress 0.00 0.00 0.00 0.00 0.00 0.00 1.00 0.00 
25. Adaptability 0.00 0.00 0.00 0.00 0.13 0.25 0.50 0.13 
26. Independence 0.00 0.00 0.75 0.13 0.00 0.13 0.00 0.00 
27. Tenacity 0.00 0.00 1.00 0.00 0.00 0.00 0.00 0.00 
28. Job Motivation 0.00 0.00 0.63 0.00 0.00 0.00 0.00 0.38 
29. Career Ambition 0.00 0.00 1.00 0.00 0.00 0.00 0.00 0.00 
30. Integrity 0.00 0.63 0.00 0.13 0.00 0.00 0.00 0.25 
31. Work Standards 0.00 0.00 0.75 0.13 0.00 0.00 0.00 0.13 
32. Resilience 0.00 0.00 0.13 0.00 0.00 0.00 0.88 0.00 
33. Practical Learning 0.00 0.00 0.00 0.00 0.00 0.88 0.00 0.13 
Note. Underlined values represent primary dimension labels where the proportion of raters was 
.75 or greater.  CM = Communication, CAO = Consideration and Awareness of Others, DR = 
Drive, IO = Influencing Others, OP = Organizing and Planning, PS = Problem Solving, ST = 
Stress Tolerance, X = Unclassifiable.   




Table 14. Borman and Brush (1993) Rating Agreement 
 
IntpDeal LeadSup TechAct PersBeh X 
1. Oral communication 1.00 0.00 0.00 0.00 0.00 
2. Oral presentation 1.00 0.00 0.00 0.00 0.00 
3. Written communication 0.88 0.00 0.13 0.00 0.00 
4. Planning and Organizing 0.00 0.13 0.75 0.13 0.00 
5. Delegation 0.00 0.88 0.13 0.00 0.00 
6. Control 0.00 0.63 0.38 0.00 0.00 
7. Development of Subordinates 0.00 1.00 0.00 0.00 0.00 
8. Organizational Sensitivity 0.25 0.13 0.50 0.00 0.13 
9. Extra-Organizational Sensitivity 0.13 0.13 0.63 0.00 0.13 
10. Extra-Organizational Awareness 0.00 0.00 0.75 0.00 0.25 
11. Organizational Awareness 0.00 0.13 0.63 0.13 0.13 
12. Sensitivity 0.63 0.00 0.00 0.38 0.00 
13. Leadership  0.13 0.88 0.00 0.00 0.00 
14. Rec. of Employee Safety Needs 0.25 0.38 0.38 0.00 0.00 
15. Analysis 0.00 0.00 0.75 0.25 0.00 
16. Judgment 0.00 0.00 0.75 0.25 0.00 
17. Creativity 0.00 0.13 0.13 0.75 0.00 
18. Risk-Taking 0.00 0.00 0.13 0.63 0.25 
19. Decisiveness 0.00 0.25 0.38 0.38 0.00 
20. Tech. and Prof. Knowledge  0.00 0.00 0.75 0.25 0.00 
21. Energy 0.00 0.00 0.00 1.00 0.00 
22. Range of Interests 0.00 0.00 0.38 0.63 0.00 
23. Initiative 0.00 0.00 0.00 1.00 0.00 
24. Tolerance for Stress 0.00 0.00 0.00 1.00 0.00 
25. Adaptability 0.13 0.00 0.13 0.75 0.00 
26. Independence 0.00 0.13 0.00 0.88 0.00 
27. Tenacity 0.00 0.00 0.13 0.88 0.00 
28. Job Motivation 0.00 0.00 0.00 0.75 0.25 
29. Career Ambition 0.00 0.00 0.00 0.88 0.13 
30. Integrity 0.50 0.13 0.00 0.38 0.00 
31. Work Standards 0.00 0.38 0.13 0.38 0.13 
32. Resilience 0.00 0.00 0.00 1.00 0.00 
33. Practical Learning 0.00 0.00 0.50 0.50 0.00 
Note. Underlined values represent primary dimension labels where the proportion of raters was 
.75 or greater. IntpDeal = Interpersonal Dealings and Communication, LeadSup = Leadership 
and Supervision, TechAct = Technical Activities and the Mechanics of Management, PersBeh = 
Useful Personal Behavior, X = Unclassifiable. 
  




Table 15. Schmitt (1977) Rating Agreement 
 
Admin. Interpersonal Activity X 
1. Oral communication 0.00 1.00 0.00 0.00 
2. Oral presentation 0.00 1.00 0.00 0.00 
3. Written communication 0.25 0.63 0.00 0.13 
4. Planning and Organizing 1.00 0.00 0.00 0.00 
5. Delegation 0.75 0.13 0.13 0.00 
6. Control 0.88 0.00 0.13 0.00 
7. Development of Subordinates 0.38 0.50 0.00 0.13 
8. Organizational Sensitivity 0.50 0.25 0.13 0.13 
9. Extra-Organizational Sensitivity 0.50 0.13 0.13 0.25 
10. Extra-Organizational Awareness 0.63 0.00 0.13 0.25 
11. Organizational Awareness 0.63 0.00 0.13 0.25 
12. Sensitivity 0.00 1.00 0.00 0.00 
13. Leadership  0.13 0.75 0.00 0.13 
14. Rec. of Employee Safety Needs 0.63 0.25 0.13 0.00 
15. Analysis 0.63 0.00 0.25 0.13 
16. Judgment 0.63 0.00 0.25 0.13 
17. Creativity 0.25 0.13 0.63 0.00 
18. Risk-Taking 0.00 0.13 0.75 0.13 
19. Decisiveness 0.25 0.13 0.50 0.13 
20. Tech. and Prof. Knowledge  0.75 0.00 0.13 0.13 
21. Energy 0.00 0.13 0.75 0.13 
22. Range of Interests 0.38 0.00 0.13 0.50 
23. Initiative 0.00 0.00 1.00 0.00 
24. Tolerance for Stress 0.00 0.25 0.38 0.38 
25. Adaptability 0.13 0.13 0.63 0.13 
26. Independence 0.13 0.00 0.50 0.38 
27. Tenacity 0.00 0.00 1.00 0.00 
28. Job Motivation 0.00 0.00 0.38 0.63 
29. Career Ambition 0.00 0.00 0.88 0.13 
30. Integrity 0.00 0.50 0.00 0.50 
31. Work Standards 0.63 0.13 0.25 0.00 
32. Resilience 0.13 0.13 0.50 0.25 
33. Practical Learning 0.75 0.00 0.13 0.13 
Note. Underlined values represent primary dimension labels where the proportion of raters was 
.75 or greater.  Admin. = Administrative Skills, Interpersonal = Interpersonal Skills, Activity = 
Activity / Forcefulness, X = Unclassifiable.  
  




Table 16. Shore et al. (1992) Rating Agreement 
 
Interpersonal Performance X 
1. Oral communication 1.00 0.00 0.00 
2. Oral presentation 0.88 0.13 0.00 
3. Written communication 0.63 0.25 0.13 
4. Planning and Organizing 0.00 1.00 0.00 
5. Delegation 0.38 0.63 0.00 
6. Control 0.00 1.00 0.00 
7. Development of Subordinates 0.50 0.50 0.00 
8. Organizational Sensitivity 0.25 0.63 0.13 
9. Extra-Organizational Sensitivity 0.13 0.75 0.13 
10. Extra-Organizational Awareness 0.00 0.88 0.13 
11. Organizational Awareness 0.00 0.88 0.13 
12. Sensitivity 1.00 0.00 0.00 
13. Leadership  0.88 0.13 0.00 
14. Rec. of Employee Safety Needs 0.13 0.63 0.25 
15. Analysis 0.00 0.88 0.13 
16. Judgment 0.00 0.88 0.13 
17. Creativity 0.00 0.88 0.13 
18. Risk-Taking 0.13 0.88 0.00 
19. Decisiveness 0.13 0.88 0.00 
20. Tech. and Prof. Knowledge  0.00 0.63 0.38 
21. Energy 0.13 0.50 0.38 
22. Range of Interests 0.00 0.63 0.38 
23. Initiative 0.00 1.00 0.00 
24. Tolerance for Stress 0.00 0.88 0.13 
25. Adaptability 0.00 0.88 0.13 
26. Independence 0.13 0.50 0.38 
27. Tenacity 0.00 0.88 0.13 
28. Job Motivation 0.00 0.38 0.63 
29. Career Ambition 0.00 0.38 0.63 
30. Integrity 0.63 0.38 0.00 
31. Work Standards 0.00 1.00 0.00 
32. Resilience 0.00 0.88 0.13 
33. Practical Learning 0.00 0.88 0.13 
Note. Underlined values represent primary dimension labels where the proportion of raters was 










Hierarchical CFA Models 
 
  
















































































































































































LISREL Syntax and Output for the CFA Models 
 
  




Model FO1 - Arthur et al. (2003) 
DA NI = 17 NO = 918 
km sy  
               
1.00             
    
0.41 1.00            
    
0.43 0.25 1.00           
    
0.45 0.37 0.46 1.00          
    
0.45 0.30 0.31 0.26 1.00         
    
0.56 0.28 0.43 0.43 0.48 1.00        
    
0.45 0.18 0.61 0.33 0.64 0.52 1.00       
    
0.49 0.37 0.68 0.44 0.64 0.53 0.64 1.00      
    
0.54 0.32 0.50 0.46 0.33 0.64 0.57 0.41 1.00     
    
0.31 0.43 0.61 0.21 0.62 0.56 0.59 0.61 0.46 1.00    
    
0.46 0.42 0.40 0.38 0.35 0.50 0.44 0.43 0.51 0.45 1.00   
    
0.41 0.36 0.40 0.41 0.34 0.43 0.34 0.47 0.47 0.60 0.59 1.00  
    
0.46 0.28 0.64 0.41 0.50 0.50 0.38 0.57 0.49 0.57 0.45 0.28 1.00 
    
0.49 0.32 0.21 0.36 0.33 0.34 0.51 0.44 0.40 0.63 0.56 0.48 0.67
 1.00    
0.45 0.38 0.44 0.43 0.36 0.44 0.44 0.44 0.52 0.48 0.65 0.61 0.53
 0.57 1.00   
0.45 0.23 0.63 0.52 0.34 0.51 0.40 0.34 0.56 0.45 0.36 0.38 0.39
 0.28 0.41 1.00  
0.55 0.36 0.39 0.44 0.32 0.50 0.38 0.54 0.49 0.42 0.46 0.47 0.32
 0.50 0.49 0.50 1.00 
 
LA      
OC WC OrgAware Sens CAmbit Energy Init JobMot Lead Del OandP Anal Creat Dec Judge 
Adapt STol  
 
MO NX = 17 NK = 7 TD = FR PH = SY, FR 





Comm CAO InfOth OandP ProbSolv Drive STol 
 
PA LX 
1 0 0 0 0 0 0 
1 0 0 0 0 0 0 
0 1 0 0 0 0 0 
0 1 0 0 0 0 0 
0 0 0 0 0 1 0 
0 0 0 0 0 1 0 
0 0 0 0 0 1 0 
0 0 0 0 0 1 0 
0 0 1 0 0 0 0 
0 0 0 1 0 0 0 
0 0 0 1 0 0 0 
0 0 0 0 1 0 0 
0 0 0 0 1 0 0 
0 0 0 0 1 0 0 
0 0 0 0 1 0 0 
0 0 0 0 0 0 1 
0 0 0 0 0 0 1 
 
st 1.0 lx 1 1 lx 4 2 lx 7 6 lx 11 4 lx 15 5 lx 17 7  
fi lx 1 1 lx 4 2 lx 7 6 lx 11 4 lx 15 5 lx 17 7  
st .80 lx 9 3  
fi lx 9 3  
st .20 td 9 9 




OU MI EF MR SS SC AD=OFF  IT= 5000 
 
  




































































Goodness of Fit Statistics 
 
Degrees of Freedom = 99 
Minimum Fit Function Chi-Square = 329.96 (P = 0.0) 
Normal Theory Weighted Least Squares Chi-Square = 316.29 (P = 0.0) 
Estimated Non-centrality Parameter (NCP) = 217.29 
90 Percent Confidence Interval for NCP = (167.32 ; 274.88) 
 
Minimum Fit Function Value = 0.36 
Population Discrepancy Function Value (F0) = 0.24 
90 Percent Confidence Interval for F0 = (0.18 ; 0.30) 
Root Mean Square Error of Approximation (RMSEA) = 0.049 
90 Percent Confidence Interval for RMSEA = (0.043 ; 0.055) 
P-Value for Test of Close Fit (RMSEA < 0.05) = 0.60 
 
Expected Cross-Validation Index (ECVI) = 0.46 
90 Percent Confidence Interval for ECVI = (0.41 ; 0.53) 
ECVI for Saturated Model = 0.33 
ECVI for Independence Model = 7.29 
 
Chi-Square for Independence Model with 136 Degrees of Freedom = 6652.90 
Independence AIC = 6686.90 
Model AIC = 424.29 
Saturated AIC = 306.00 
Independence CAIC = 6785.88 
Model CAIC = 738.69 
Saturated CAIC = 1196.80 
 
Normed Fit Index (NFI) = 0.95 
Non-Normed Fit Index (NNFI) = 0.95 
Parsimony Normed Fit Index (PNFI) = 0.69 
Comparative Fit Index (CFI) = 0.96 
Incremental Fit Index (IFI) = 0.96 
Relative Fit Index (RFI) = 0.93 
 
Critical N (CN) = 375.20 
 
 
Root Mean Square Residual (RMR) = 0.074 
Standardized RMR = 0.037 
Goodness of Fit Index (GFI) = 0.96 
Adjusted Goodness of Fit Index (AGFI) = 0.94 
Parsimony Goodness of Fit Index (PGFI) = 0.62 
  




Model FO2 - Direct Test of Borman and Brush (1993) From Figure 1 
DA NI = 17 NO = 918 
km sy  
               
1.00             
    
0.41 1.00            
    
0.43 0.25 1.00           
    
0.45 0.37 0.46 1.00          
    
0.45 0.30 0.31 0.26 1.00         
    
0.56 0.28 0.43 0.43 0.48 1.00        
    
0.45 0.18 0.61 0.33 0.64 0.52 1.00       
    
0.49 0.37 0.68 0.44 0.64 0.53 0.64 1.00      
    
0.54 0.32 0.50 0.46 0.33 0.64 0.57 0.41 1.00     
    
0.31 0.43 0.61 0.21 0.62 0.56 0.59 0.61 0.46 1.00    
    
0.46 0.42 0.40 0.38 0.35 0.50 0.44 0.43 0.51 0.45 1.00   
    
0.41 0.36 0.40 0.41 0.34 0.43 0.34 0.47 0.47 0.60 0.59 1.00  
    
0.46 0.28 0.64 0.41 0.50 0.50 0.38 0.57 0.49 0.57 0.45 0.28 1.00 
    
0.49 0.32 0.21 0.36 0.33 0.34 0.51 0.44 0.40 0.63 0.56 0.48 0.67
 1.00    
0.45 0.38 0.44 0.43 0.36 0.44 0.44 0.44 0.52 0.48 0.65 0.61 0.53
 0.57 1.00   
0.45 0.23 0.63 0.52 0.34 0.51 0.40 0.34 0.56 0.45 0.36 0.38 0.39
 0.28 0.41 1.00  
0.55 0.36 0.39 0.44 0.32 0.50 0.38 0.54 0.49 0.42 0.46 0.47 0.32
 0.50 0.49 0.50 1.00 
 
LA      
OC WC OrgAware Sens CAmbit Energy Init JobMot Lead Del OandP Anal Creat Dec Judge 
Adapt STol  
 
MO NX = 17 NK = 4 TD = FR PH = SY, FR 





IntpDealComm LeadSup TechMechMgt UsefulPersB 
 
PA LX 
1 0 0 0  
1 0 0 0  
1 0 0 0  
1 0 0 0  
0 0 0 1  
0 0 0 1  
0 0 0 1  
0 0 0 1  
0 1 0 0  
0 0 1 0  
0 0 1 0  
0 0 1 0  
0 0 1 0  
0 0 1 0  
0 0 1 0  
0 0 0 1  
0 0 0 1  
 
st 1.0 lx 1 1 lx 11 3 lx 17 4 
fi lx 1 1 lx 11 3 lx 17 4 
st .80 lx 9 2  
fi lx 9 2  
st .20 td 9 9 




OU MI EF MR SS SC AD=OFF  IT= 5000 
 
  





















































Goodness of Fit Statistics 
 
Degrees of Freedom = 114 
Minimum Fit Function Chi-Square = 380.62 (P = 0.0) 
Normal Theory Weighted Least Squares Chi-Square = 374.60 (P = 0.0) 
Estimated Non-centrality Parameter (NCP) = 260.60 
90 Percent Confidence Interval for NCP = (205.73 ; 323.07) 
 
Minimum Fit Function Value = 0.42 
Population Discrepancy Function Value (F0) = 0.28 
90 Percent Confidence Interval for F0 = (0.22 ; 0.35) 
Root Mean Square Error of Approximation (RMSEA) = 0.050 
90 Percent Confidence Interval for RMSEA = (0.044 ; 0.056) 
P-Value for Test of Close Fit (RMSEA < 0.05) = 0.50 
 
Expected Cross-Validation Index (ECVI) = 0.49 
90 Percent Confidence Interval for ECVI = (0.43 ; 0.56) 
ECVI for Saturated Model = 0.33 
ECVI for Independence Model = 7.29 
 
Chi-Square for Independence Model with 136 Degrees of Freedom = 6652.90 
Independence AIC = 6686.90 
Model AIC = 452.60 
Saturated AIC = 306.00 
Independence CAIC = 6785.88 
Model CAIC = 679.66 
Saturated CAIC = 1196.80 
 
Normed Fit Index (NFI) = 0.94 
Non-Normed Fit Index (NNFI) = 0.95 
Parsimony Normed Fit Index (PNFI) = 0.79 
Comparative Fit Index (CFI) = 0.96 
Incremental Fit Index (IFI) = 0.96 
Relative Fit Index (RFI) = 0.93 
 
Critical N (CN) = 367.29 
 
 
Root Mean Square Residual (RMR) = 0.079 
Standardized RMR = 0.040 
Goodness of Fit Index (GFI) = 0.95 
Adjusted Goodness of Fit Index (AGFI) = 0.94 
Parsimony Goodness of Fit Index (PGFI) = 0.71  




Model FO3 - Direct Test of Schmitt (1977) From Figure 1 
DA NI = 17 NO = 918 
km sy  
               
1.00             
    
0.41 1.00            
    
0.43 0.25 1.00           
    
0.45 0.37 0.46 1.00          
    
0.45 0.30 0.31 0.26 1.00         
    
0.56 0.28 0.43 0.43 0.48 1.00        
    
0.45 0.18 0.61 0.33 0.64 0.52 1.00       
    
0.49 0.37 0.68 0.44 0.64 0.53 0.64 1.00      
    
0.54 0.32 0.50 0.46 0.33 0.64 0.57 0.41 1.00     
    
0.31 0.43 0.61 0.21 0.62 0.56 0.59 0.61 0.46 1.00    
    
0.46 0.42 0.40 0.38 0.35 0.50 0.44 0.43 0.51 0.45 1.00   
    
0.41 0.36 0.40 0.41 0.34 0.43 0.34 0.47 0.47 0.60 0.59 1.00  
    
0.46 0.28 0.64 0.41 0.50 0.50 0.38 0.57 0.49 0.57 0.45 0.28 1.00 
    
0.49 0.32 0.21 0.36 0.33 0.34 0.51 0.44 0.40 0.63 0.56 0.48 0.67
 1.00    
0.45 0.38 0.44 0.43 0.36 0.44 0.44 0.44 0.52 0.48 0.65 0.61 0.53
 0.57 1.00   
0.45 0.23 0.63 0.52 0.34 0.51 0.40 0.34 0.56 0.45 0.36 0.38 0.39
 0.28 0.41 1.00  
0.55 0.36 0.39 0.44 0.32 0.50 0.38 0.54 0.49 0.42 0.46 0.47 0.32
 0.50 0.49 0.50 1.00 
 
LA      
OC WC OrgAware Sens CAmbit Energy Init JobMot Lead Del OandP Anal Creat Dec Judge 
Adapt STol  
 
MO NX = 17 NK = 3 TD = FR PH = SY, FR 





Interpersonal Administrative Activity 
 
PA LX 
1 0 0 
1 0 0 
1 0 0 
1 0 0 
0 0 1 
0 0 1 
0 0 1 
0 0 1 
1 0 0 
0 1 0 
0 1 0 
0 1 0 
0 1 0 
0 1 0 
0 1 0 
0 0 1 
0 0 1 
 
st 1.0 lx 1 1 lx 11 2 lx 17 3  

























































Goodness of Fit Statistics 
 
Degrees of Freedom = 116 
Minimum Fit Function Chi-Square = 380.72 (P = 0.0) 
Normal Theory Weighted Least Squares Chi-Square = 374.61 (P = 0.0) 
Estimated Non-centrality Parameter (NCP) = 258.61 
90 Percent Confidence Interval for NCP = (203.84 ; 321.00) 
 
Minimum Fit Function Value = 0.42 
Population Discrepancy Function Value (F0) = 0.28 
90 Percent Confidence Interval for F0 = (0.22 ; 0.35) 
Root Mean Square Error of Approximation (RMSEA) = 0.049 
90 Percent Confidence Interval for RMSEA = (0.044 ; 0.055) 
P-Value for Test of Close Fit (RMSEA < 0.05) = 0.57 
 
Expected Cross-Validation Index (ECVI) = 0.49 
90 Percent Confidence Interval for ECVI = (0.43 ; 0.56) 
ECVI for Saturated Model = 0.33 
ECVI for Independence Model = 7.29 
 
Chi-Square for Independence Model with 136 Degrees of Freedom = 6652.90 
Independence AIC = 6686.90 
Model AIC = 448.61 
Saturated AIC = 306.00 
Independence CAIC = 6785.88 
Model CAIC = 664.03 
Saturated CAIC = 1196.80 
 
Normed Fit Index (NFI) = 0.94 
Non-Normed Fit Index (NNFI) = 0.95 
Parsimony Normed Fit Index (PNFI) = 0.80 
Comparative Fit Index (CFI) = 0.96 
Incremental Fit Index (IFI) = 0.96 
Relative Fit Index (RFI) = 0.93 
 
Critical N (CN) = 372.75 
 
 
Root Mean Square Residual (RMR) = 0.079 
Standardized RMR = 0.040 
Goodness of Fit Index (GFI) = 0.95 
Adjusted Goodness of Fit Index (AGFI) = 0.94 
Parsimony Goodness of Fit Index (PGFI) = 0.72 
  




Model FO4 - Direct Test of Shore et al. (1992) From Figure 1 
DA NI = 17 NO = 918 
km sy  
               
1.00             
    
0.41 1.00            
    
0.43 0.25 1.00           
    
0.45 0.37 0.46 1.00          
    
0.45 0.30 0.31 0.26 1.00         
    
0.56 0.28 0.43 0.43 0.48 1.00        
    
0.45 0.18 0.61 0.33 0.64 0.52 1.00       
    
0.49 0.37 0.68 0.44 0.64 0.53 0.64 1.00      
    
0.54 0.32 0.50 0.46 0.33 0.64 0.57 0.41 1.00     
    
0.31 0.43 0.61 0.21 0.62 0.56 0.59 0.61 0.46 1.00    
    
0.46 0.42 0.40 0.38 0.35 0.50 0.44 0.43 0.51 0.45 1.00   
    
0.41 0.36 0.40 0.41 0.34 0.43 0.34 0.47 0.47 0.60 0.59 1.00  
    
0.46 0.28 0.64 0.41 0.50 0.50 0.38 0.57 0.49 0.57 0.45 0.28 1.00 
    
0.49 0.32 0.21 0.36 0.33 0.34 0.51 0.44 0.40 0.63 0.56 0.48 0.67
 1.00    
0.45 0.38 0.44 0.43 0.36 0.44 0.44 0.44 0.52 0.48 0.65 0.61 0.53
 0.57 1.00   
0.45 0.23 0.63 0.52 0.34 0.51 0.40 0.34 0.56 0.45 0.36 0.38 0.39
 0.28 0.41 1.00  
0.55 0.36 0.39 0.44 0.32 0.50 0.38 0.54 0.49 0.42 0.46 0.47 0.32
 0.50 0.49 0.50 1.00 
 
LA      
OC WC OrgAware Sens CAmbit Energy Init JobMot Lead Del OandP Anal Creat Dec Judge 
Adapt STol  
 
MO NX = 17 NK = 2 TD = FR PH = SY, FR 


























st 1.0 lx 1 1 lx 11 2   




OU MI EF MR SS SC AD=OFF  IT= 5000 
 
  















































Goodness of Fit Statistics 
 
Degrees of Freedom = 118 
Minimum Fit Function Chi-Square = 418.67 (P = 0.0) 
Normal Theory Weighted Least Squares Chi-Square = 411.98 (P = 0.0) 
Estimated Non-centrality Parameter (NCP) = 293.98 
90 Percent Confidence Interval for NCP = (235.93 ; 359.63) 
 
Minimum Fit Function Value = 0.46 
Population Discrepancy Function Value (F0) = 0.32 
90 Percent Confidence Interval for F0 = (0.26 ; 0.39) 
Root Mean Square Error of Approximation (RMSEA) = 0.052 
90 Percent Confidence Interval for RMSEA = (0.047 ; 0.058) 
P-Value for Test of Close Fit (RMSEA < 0.05) = 0.25 
 
Expected Cross-Validation Index (ECVI) = 0.53 
90 Percent Confidence Interval for ECVI = (0.46 ; 0.60) 
ECVI for Saturated Model = 0.33 
ECVI for Independence Model = 7.29 
 
Chi-Square for Independence Model with 136 Degrees of Freedom = 6652.90 
Independence AIC = 6686.90 
Model AIC = 481.98 
Saturated AIC = 306.00 
Independence CAIC = 6785.88 
Model CAIC = 685.76 
Saturated CAIC = 1196.80 
 
Normed Fit Index (NFI) = 0.94 
Non-Normed Fit Index (NNFI) = 0.95 
Parsimony Normed Fit Index (PNFI) = 0.81 
Comparative Fit Index (CFI) = 0.95 
Incremental Fit Index (IFI) = 0.95 
Relative Fit Index (RFI) = 0.93 
 
Critical N (CN) = 344.10 
 
 
Root Mean Square Residual (RMR) = 0.083 
Standardized RMR = 0.042 
Goodness of Fit Index (GFI) = 0.95 
Adjusted Goodness of Fit Index (AGFI) = 0.93 
Parsimony Goodness of Fit Index (PGFI) = 0.73 
  




Model FO5 - Direct Test of Viswesvaran et al. (2005) From Figure 1 
DA NI = 17 NO = 918 
km sy  
               
1.00             
    
0.41 1.00            
    
0.43 0.25 1.00           
    
0.45 0.37 0.46 1.00          
    
0.45 0.30 0.31 0.26 1.00         
    
0.56 0.28 0.43 0.43 0.48 1.00        
    
0.45 0.18 0.61 0.33 0.64 0.52 1.00       
    
0.49 0.37 0.68 0.44 0.64 0.53 0.64 1.00      
    
0.54 0.32 0.50 0.46 0.33 0.64 0.57 0.41 1.00     
    
0.31 0.43 0.61 0.21 0.62 0.56 0.59 0.61 0.46 1.00    
    
0.46 0.42 0.40 0.38 0.35 0.50 0.44 0.43 0.51 0.45 1.00   
    
0.41 0.36 0.40 0.41 0.34 0.43 0.34 0.47 0.47 0.60 0.59 1.00  
    
0.46 0.28 0.64 0.41 0.50 0.50 0.38 0.57 0.49 0.57 0.45 0.28 1.00 
    
0.49 0.32 0.21 0.36 0.33 0.34 0.51 0.44 0.40 0.63 0.56 0.48 0.67
 1.00    
0.45 0.38 0.44 0.43 0.36 0.44 0.44 0.44 0.52 0.48 0.65 0.61 0.53
 0.57 1.00   
0.45 0.23 0.63 0.52 0.34 0.51 0.40 0.34 0.56 0.45 0.36 0.38 0.39
 0.28 0.41 1.00  
0.55 0.36 0.39 0.44 0.32 0.50 0.38 0.54 0.49 0.42 0.46 0.47 0.32
 0.50 0.49 0.50 1.00 
 
LA      
OC WC OrgAware Sens CAmbit Energy Init JobMot Lead Del OandP Anal Creat Dec Judge 
Adapt STol  
 
MO NX = 17 NK = 1 TD = FR PH = SY, FR 


























st 1.0 lx 1 1    




OU MI EF MR SS SC AD=OFF  IT= 5000 
 
  













































Goodness of Fit Statistics 
 
Degrees of Freedom = 119 
Minimum Fit Function Chi-Square = 421.11 (P = 0.0) 
Normal Theory Weighted Least Squares Chi-Square = 415.59 (P = 0.0) 
Estimated Non-centrality Parameter (NCP) = 296.59 
90 Percent Confidence Interval for NCP = (238.26 ; 362.50) 
 
Minimum Fit Function Value = 0.46 
Population Discrepancy Function Value (F0) = 0.32 
90 Percent Confidence Interval for F0 = (0.26 ; 0.40) 
Root Mean Square Error of Approximation (RMSEA) = 0.052 
90 Percent Confidence Interval for RMSEA = (0.047 ; 0.058) 
P-Value for Test of Close Fit (RMSEA < 0.05) = 0.25 
 
Expected Cross-Validation Index (ECVI) = 0.53 
90 Percent Confidence Interval for ECVI = (0.46 ; 0.60) 
ECVI for Saturated Model = 0.33 
ECVI for Independence Model = 7.29 
 
Chi-Square for Independence Model with 136 Degrees of Freedom = 6652.90 
Independence AIC = 6686.90 
Model AIC = 483.59 
Saturated AIC = 306.00 
Independence CAIC = 6785.88 
Model CAIC = 681.54 
Saturated CAIC = 1196.80 
 
Normed Fit Index (NFI) = 0.94 
Non-Normed Fit Index (NNFI) = 0.95 
Parsimony Normed Fit Index (PNFI) = 0.82 
Comparative Fit Index (CFI) = 0.95 
Incremental Fit Index (IFI) = 0.95 
Relative Fit Index (RFI) = 0.93 
 
Critical N (CN) = 344.62 
 
 
Root Mean Square Residual (RMR) = 0.084 
Standardized RMR = 0.042 
Goodness of Fit Index (GFI) = 0.95 
Adjusted Goodness of Fit Index (AGFI) = 0.93 
Parsimony Goodness of Fit Index (PGFI) = 0.74 
  




Model H1: Hierarchical 4-Factor 
DA NI = 17 NO = 918 
km sy  
               
1.00             
    
0.41 1.00            
    
0.43 0.25 1.00           
    
0.45 0.37 0.46 1.00          
    
0.45 0.30 0.31 0.26 1.00         
    
0.56 0.28 0.43 0.43 0.48 1.00        
    
0.45 0.18 0.61 0.33 0.64 0.52 1.00       
    
0.49 0.37 0.68 0.44 0.64 0.53 0.64 1.00      
    
0.54 0.32 0.50 0.46 0.33 0.64 0.57 0.41 1.00     
    
0.31 0.43 0.61 0.21 0.62 0.56 0.59 0.61 0.46 1.00    
    
0.46 0.42 0.40 0.38 0.35 0.50 0.44 0.43 0.51 0.45 1.00   
    
0.41 0.36 0.40 0.41 0.34 0.43 0.34 0.47 0.47 0.60 0.59 1.00  
    
0.46 0.28 0.64 0.41 0.50 0.50 0.38 0.57 0.49 0.57 0.45 0.28 1.00 
    
0.49 0.32 0.21 0.36 0.33 0.34 0.51 0.44 0.40 0.63 0.56 0.48 0.67
 1.00    
0.45 0.38 0.44 0.43 0.36 0.44 0.44 0.44 0.52 0.48 0.65 0.61 0.53
 0.57 1.00   
0.45 0.23 0.63 0.52 0.34 0.51 0.40 0.34 0.56 0.45 0.36 0.38 0.39
 0.28 0.41 1.00  
0.55 0.36 0.39 0.44 0.32 0.50 0.38 0.54 0.49 0.42 0.46 0.47 0.32
 0.50 0.49 0.50 1.00 
 
LA      
OC WC OrgAware Sens CAmbit Energy Init JobMot Lead Del OandP Anal Creat Dec Judge 
Adapt STol  
 
MO Ny = 17 Nk = 3 Ne = 7  PH = St be=fu,fi ga=fu,fi ps=di 





Comm CAO InfOth OandP ProbSolv Drive STol 
 
lk 
intpdeal techact usepers 
pa ga 
1 0 0 
1 0 0 
0 0 0 
0 1 0 
0 1 0 
0 0 1 
0 0 1 
 
PA Ly 
1 0 0 0 0 0 0 
1 0 0 0 0 0 0 
0 1 0 0 0 0 0 
0 1 0 0 0 0 0 
0 0 0 0 0 1 0 
0 0 0 0 0 1 0 
0 0 0 0 0 1 0 
0 0 0 0 0 1 0 
0 0 1 0 0 0 0 
0 0 0 1 0 0 0 
0 0 0 1 0 0 0 
0 0 0 0 1 0 0 
0 0 0 0 1 0 0 
0 0 0 0 1 0 0 
0 0 0 0 1 0 0 
0 0 0 0 0 0 1 
0 0 0 0 0 0 1 
 
st 1.0 ly 1 1 ly 4 2 ly 7 6 ly 11 4 ly 15 5 ly 17 7  
fi  ly 1 1 ly 4 2 ly 7 6 ly 11 4 ly 15 5 ly 17 7 
st .80 ly 9 3  
fi ly 9 3  
st .20 te 9 9 




OU MI EF MR SS SC AD=OFF  IT= 5000 
  





























































Goodness of Fit Statistics 
 
Degrees of Freedom = 111 
Minimum Fit Function Chi-Square = 567.36 (P = 0.0) 
Normal Theory Weighted Least Squares Chi-Square = 529.13 (P = 0.0) 
Estimated Non-centrality Parameter (NCP) = 418.13 
90 Percent Confidence Interval for NCP = (350.26 ; 493.53) 
 
Minimum Fit Function Value = 0.62 
Population Discrepancy Function Value (F0) = 0.46 
90 Percent Confidence Interval for F0 = (0.38 ; 0.54) 
Root Mean Square Error of Approximation (RMSEA) = 0.064 
90 Percent Confidence Interval for RMSEA = (0.059 ; 0.070) 
P-Value for Test of Close Fit (RMSEA < 0.05) = 0.00 
 
Expected Cross-Validation Index (ECVI) = 0.67 
90 Percent Confidence Interval for ECVI = (0.59 ; 0.75) 
ECVI for Saturated Model = 0.33 
ECVI for Independence Model = 7.29 
 
Chi-Square for Independence Model with 136 Degrees of Freedom = 6652.90 
Independence AIC = 6686.90 
Model AIC = 613.13 
Saturated AIC = 306.00 
Independence CAIC = 6785.88 
Model CAIC = 857.66 
Saturated CAIC = 1196.80 
 
Normed Fit Index (NFI) = 0.91 
Non-Normed Fit Index (NNFI) = 0.91 
Parsimony Normed Fit Index (PNFI) = 0.75 
Comparative Fit Index (CFI) = 0.93 
Incremental Fit Index (IFI) = 0.93 
Relative Fit Index (RFI) = 0.90 
 
Critical N (CN) = 241.13 
 
 
Root Mean Square Residual (RMR) = 0.17 
Standardized RMR = 0.087 
Goodness of Fit Index (GFI) = 0.94 
Adjusted Goodness of Fit Index (AGFI) = 0.91 
Parsimony Goodness of Fit Index (PGFI) = 0.68 
  




Model H2: Hierarchical 3-Factor 
DA NI = 17 NO = 918 
km sy  
               
1.00             
    
0.41 1.00            
    
0.43 0.25 1.00           
    
0.45 0.37 0.46 1.00          
    
0.45 0.30 0.31 0.26 1.00         
    
0.56 0.28 0.43 0.43 0.48 1.00        
    
0.45 0.18 0.61 0.33 0.64 0.52 1.00       
    
0.49 0.37 0.68 0.44 0.64 0.53 0.64 1.00      
    
0.54 0.32 0.50 0.46 0.33 0.64 0.57 0.41 1.00     
    
0.31 0.43 0.61 0.21 0.62 0.56 0.59 0.61 0.46 1.00    
    
0.46 0.42 0.40 0.38 0.35 0.50 0.44 0.43 0.51 0.45 1.00   
    
0.41 0.36 0.40 0.41 0.34 0.43 0.34 0.47 0.47 0.60 0.59 1.00  
    
0.46 0.28 0.64 0.41 0.50 0.50 0.38 0.57 0.49 0.57 0.45 0.28 1.00 
    
0.49 0.32 0.21 0.36 0.33 0.34 0.51 0.44 0.40 0.63 0.56 0.48 0.67
 1.00    
0.45 0.38 0.44 0.43 0.36 0.44 0.44 0.44 0.52 0.48 0.65 0.61 0.53
 0.57 1.00   
0.45 0.23 0.63 0.52 0.34 0.51 0.40 0.34 0.56 0.45 0.36 0.38 0.39
 0.28 0.41 1.00  
0.55 0.36 0.39 0.44 0.32 0.50 0.38 0.54 0.49 0.42 0.46 0.47 0.32
 0.50 0.49 0.50 1.00 
 
LA      
OC WC OrgAware Sens CAmbit Energy Init JobMot Lead Del OandP Anal Creat Dec Judge 
Adapt STol  
 
MO Ny = 17 Nk = 3 Ne = 7  PH = St be=fu,fi ga=fu,fi ps=di 





Comm CAO InfOth OandP ProbSolv Drive STol 
 
lk 
interp admin activity 
pa ga 
1 0 0 
1 0 0 
1 0 0 
0 1 0 
0 1 0 
0 0 1 
0 0 1 
 
PA Ly 
1 0 0 0 0 0 0 
1 0 0 0 0 0 0 
0 1 0 0 0 0 0 
0 1 0 0 0 0 0 
0 0 0 0 0 1 0 
0 0 0 0 0 1 0 
0 0 0 0 0 1 0 
0 0 0 0 0 1 0 
0 0 1 0 0 0 0 
0 0 0 1 0 0 0 
0 0 0 1 0 0 0 
0 0 0 0 1 0 0 
0 0 0 0 1 0 0 
0 0 0 0 1 0 0 
0 0 0 0 1 0 0 
0 0 0 0 0 0 1 
0 0 0 0 0 0 1 
 
st 1.0 ly 1 1 ly 4 2 ly 7 6 ly 11 4 ly 15 5 ly 17 7  
fi  ly 1 1 ly 4 2 ly 7 6 ly 11 4 ly 15 5 ly 17 7 
st .80 ly 9 3  
fi ly 9 3  
st .20 te 9 9 




OU MI EF MR SS SC AD=OFF  IT= 5000 
  






























































Goodness of Fit Statistics 
 
Degrees of Freedom = 110 
Minimum Fit Function Chi-Square = 347.87 (P = 0.0) 
Normal Theory Weighted Least Squares Chi-Square = 337.34 (P = 0.0) 
Estimated Non-centrality Parameter (NCP) = 227.34 
90 Percent Confidence Interval for NCP = (175.83 ; 286.48) 
 
Minimum Fit Function Value = 0.38 
Population Discrepancy Function Value (F0) = 0.25 
90 Percent Confidence Interval for F0 = (0.19 ; 0.31) 
Root Mean Square Error of Approximation (RMSEA) = 0.047 
90 Percent Confidence Interval for RMSEA = (0.042 ; 0.053) 
P-Value for Test of Close Fit (RMSEA < 0.05) = 0.76 
 
Expected Cross-Validation Index (ECVI) = 0.46 
90 Percent Confidence Interval for ECVI = (0.41 ; 0.53) 
ECVI for Saturated Model = 0.33 
ECVI for Independence Model = 7.29 
 
Chi-Square for Independence Model with 136 Degrees of Freedom = 6652.90 
Independence AIC = 6686.90 
Model AIC = 423.34 
Saturated AIC = 306.00 
Independence CAIC = 6785.88 
Model CAIC = 673.69 
Saturated CAIC = 1196.80 
 
Normed Fit Index (NFI) = 0.95 
Non-Normed Fit Index (NNFI) = 0.95 
Parsimony Normed Fit Index (PNFI) = 0.77 
Comparative Fit Index (CFI) = 0.96 
Incremental Fit Index (IFI) = 0.96 
Relative Fit Index (RFI) = 0.94 
 
Critical N (CN) = 389.59 
 
 
Root Mean Square Residual (RMR) = 0.076 
Standardized RMR = 0.038 
Goodness of Fit Index (GFI) = 0.96 
Adjusted Goodness of Fit Index (AGFI) = 0.94 
Parsimony Goodness of Fit Index (PGFI) = 0.69 
  




Model H3: Hierarchical 2-Factor 
DA NI = 17 NO = 918 
km sy  
               
1.00             
    
0.41 1.00            
    
0.43 0.25 1.00           
    
0.45 0.37 0.46 1.00          
    
0.45 0.30 0.31 0.26 1.00         
    
0.56 0.28 0.43 0.43 0.48 1.00        
    
0.45 0.18 0.61 0.33 0.64 0.52 1.00       
    
0.49 0.37 0.68 0.44 0.64 0.53 0.64 1.00      
    
0.54 0.32 0.50 0.46 0.33 0.64 0.57 0.41 1.00     
    
0.31 0.43 0.61 0.21 0.62 0.56 0.59 0.61 0.46 1.00    
    
0.46 0.42 0.40 0.38 0.35 0.50 0.44 0.43 0.51 0.45 1.00   
    
0.41 0.36 0.40 0.41 0.34 0.43 0.34 0.47 0.47 0.60 0.59 1.00  
    
0.46 0.28 0.64 0.41 0.50 0.50 0.38 0.57 0.49 0.57 0.45 0.28 1.00 
    
0.49 0.32 0.21 0.36 0.33 0.34 0.51 0.44 0.40 0.63 0.56 0.48 0.67
 1.00    
0.45 0.38 0.44 0.43 0.36 0.44 0.44 0.44 0.52 0.48 0.65 0.61 0.53
 0.57 1.00   
0.45 0.23 0.63 0.52 0.34 0.51 0.40 0.34 0.56 0.45 0.36 0.38 0.39
 0.28 0.41 1.00  
0.55 0.36 0.39 0.44 0.32 0.50 0.38 0.54 0.49 0.42 0.46 0.47 0.32
 0.50 0.49 0.50 1.00 
 
LA      
OC WC OrgAware Sens CAmbit Energy Init JobMot Lead Del OandP Anal Creat Dec Judge 
Adapt STol  
 
MO Ny = 17 Nk = 2 Ne = 7  PH = St be=fu,fi ga=fu,fi ps=di 



















1 0 0 0 0 0 0 
1 0 0 0 0 0 0 
0 1 0 0 0 0 0 
0 1 0 0 0 0 0 
0 0 0 0 0 1 0 
0 0 0 0 0 1 0 
0 0 0 0 0 1 0 
0 0 0 0 0 1 0 
0 0 1 0 0 0 0 
0 0 0 1 0 0 0 
0 0 0 1 0 0 0 
0 0 0 0 1 0 0 
0 0 0 0 1 0 0 
0 0 0 0 1 0 0 
0 0 0 0 1 0 0 
0 0 0 0 0 0 1 
0 0 0 0 0 0 1 
 
st 1.0 ly 1 1 ly 4 2 ly 7 6 ly 11 4 ly 15 5 ly 17 7  
fi  ly 1 1 ly 4 2 ly 7 6 ly 11 4 ly 15 5 ly 17 7 
st .80 ly 9 3  
fi ly 9 3  
st .20 te 9 9 




OU MI EF MR SS SC AD=OFF  IT= 5000 
  




























































Goodness of Fit Statistics 
 
Degrees of Freedom = 112 
Minimum Fit Function Chi-Square = 380.23 (P = 0.0) 
Normal Theory Weighted Least Squares Chi-Square = 371.97 (P = 0.0) 
Estimated Non-centrality Parameter (NCP) = 259.97 
90 Percent Confidence Interval for NCP = (205.26 ; 322.30) 
 
Minimum Fit Function Value = 0.41 
Population Discrepancy Function Value (F0) = 0.28 
90 Percent Confidence Interval for F0 = (0.22 ; 0.35) 
Root Mean Square Error of Approximation (RMSEA) = 0.050 
90 Percent Confidence Interval for RMSEA = (0.045 ; 0.056) 
P-Value for Test of Close Fit (RMSEA < 0.05) = 0.45 
 
Expected Cross-Validation Index (ECVI) = 0.50 
90 Percent Confidence Interval for ECVI = (0.44 ; 0.56) 
ECVI for Saturated Model = 0.33 
ECVI for Independence Model = 7.29 
 
Chi-Square for Independence Model with 136 Degrees of Freedom = 6652.90 
Independence AIC = 6686.90 
Model AIC = 453.97 
Saturated AIC = 306.00 
Independence CAIC = 6785.88 
Model CAIC = 692.68 
Saturated CAIC = 1196.80 
 
Normed Fit Index (NFI) = 0.94 
Non-Normed Fit Index (NNFI) = 0.95 
Parsimony Normed Fit Index (PNFI) = 0.78 
Comparative Fit Index (CFI) = 0.96 
Incremental Fit Index (IFI) = 0.96 
Relative Fit Index (RFI) = 0.93 
 
Critical N (CN) = 362.09 
 
 
Root Mean Square Residual (RMR) = 0.079 
Standardized RMR = 0.040 
Goodness of Fit Index (GFI) = 0.95 
Adjusted Goodness of Fit Index (AGFI) = 0.94 
Parsimony Goodness of Fit Index (PGFI) = 0.70  




Model H4: Hierarchical 1-Factor 
DA NI = 17 NO = 918 
km sy  
               
1.00             
    
0.41 1.00            
    
0.43 0.25 1.00           
    
0.45 0.37 0.46 1.00          
    
0.45 0.30 0.31 0.26 1.00         
    
0.56 0.28 0.43 0.43 0.48 1.00        
    
0.45 0.18 0.61 0.33 0.64 0.52 1.00       
    
0.49 0.37 0.68 0.44 0.64 0.53 0.64 1.00      
    
0.54 0.32 0.50 0.46 0.33 0.64 0.57 0.41 1.00     
    
0.31 0.43 0.61 0.21 0.62 0.56 0.59 0.61 0.46 1.00    
    
0.46 0.42 0.40 0.38 0.35 0.50 0.44 0.43 0.51 0.45 1.00   
    
0.41 0.36 0.40 0.41 0.34 0.43 0.34 0.47 0.47 0.60 0.59 1.00  
    
0.46 0.28 0.64 0.41 0.50 0.50 0.38 0.57 0.49 0.57 0.45 0.28 1.00 
    
0.49 0.32 0.21 0.36 0.33 0.34 0.51 0.44 0.40 0.63 0.56 0.48 0.67
 1.00    
0.45 0.38 0.44 0.43 0.36 0.44 0.44 0.44 0.52 0.48 0.65 0.61 0.53
 0.57 1.00   
0.45 0.23 0.63 0.52 0.34 0.51 0.40 0.34 0.56 0.45 0.36 0.38 0.39
 0.28 0.41 1.00  
0.55 0.36 0.39 0.44 0.32 0.50 0.38 0.54 0.49 0.42 0.46 0.47 0.32
 0.50 0.49 0.50 1.00 
 
LA      
OC WC OrgAware Sens CAmbit Energy Init JobMot Lead Del OandP Anal Creat Dec Judge 
Adapt STol  
 
MO Ny = 17 Nk = 1 Ne = 7  PH = St be=fu,fi ga=fu,fr ps=di 





Comm CAO InfOth OandP ProbSolv Drive STol 
 
lk 
admin interp activity 
 
PA Ly 
1 0 0 0 0 0 0 
1 0 0 0 0 0 0 
0 1 0 0 0 0 0 
0 1 0 0 0 0 0 
0 0 0 0 0 1 0 
0 0 0 0 0 1 0 
0 0 0 0 0 1 0 
0 0 0 0 0 1 0 
0 0 1 0 0 0 0 
0 0 0 1 0 0 0 
0 0 0 1 0 0 0 
0 0 0 0 1 0 0 
0 0 0 0 1 0 0 
0 0 0 0 1 0 0 
0 0 0 0 1 0 0 
0 0 0 0 0 0 1 
0 0 0 0 0 0 1 
 
st 1.0 ly 1 1 ly 4 2 ly 7 6 ly 11 4 ly 15 5 ly 17 7  
fi  ly 1 1 ly 4 2 ly 7 6 ly 11 4 ly 15 5 ly 17 7 
st .80 ly 9 3  
fi ly 9 3  
st .20 te 9 9 




OU MI EF MR SS SC AD=OFF  IT= 5000 
 
  


























































Goodness of Fit Statistics 
 
Degrees of Freedom = 113 
Minimum Fit Function Chi-Square = 380.61 (P = 0.0) 
Normal Theory Weighted Least Squares Chi-Square = 372.99 (P = 0.0) 
Estimated Non-centrality Parameter (NCP) = 259.99 
90 Percent Confidence Interval for NCP = (205.22 ; 322.36) 
 
Minimum Fit Function Value = 0.42 
Population Discrepancy Function Value (F0) = 0.28 
90 Percent Confidence Interval for F0 = (0.22 ; 0.35) 
Root Mean Square Error of Approximation (RMSEA) = 0.050 
90 Percent Confidence Interval for RMSEA = (0.045 ; 0.056) 
P-Value for Test of Close Fit (RMSEA < 0.05) = 0.48 
 
Expected Cross-Validation Index (ECVI) = 0.49 
90 Percent Confidence Interval for ECVI = (0.43 ; 0.56) 
ECVI for Saturated Model = 0.33 
ECVI for Independence Model = 7.29 
 
Chi-Square for Independence Model with 136 Degrees of Freedom = 6652.90 
Independence AIC = 6686.90 
Model AIC = 452.99 
Saturated AIC = 306.00 
Independence CAIC = 6785.88 
Model CAIC = 685.87 
Saturated CAIC = 1196.80 
 
Normed Fit Index (NFI) = 0.94 
Non-Normed Fit Index (NNFI) = 0.95 
Parsimony Normed Fit Index (PNFI) = 0.78 
Comparative Fit Index (CFI) = 0.96 
Incremental Fit Index (IFI) = 0.96 
Relative Fit Index (RFI) = 0.93 
 
Critical N (CN) = 364.52 
 
 
Root Mean Square Residual (RMR) = 0.079 
Standardized RMR = 0.040 
Goodness of Fit Index (GFI) = 0.95 
Adjusted Goodness of Fit Index (AGFI) = 0.94 
Parsimony Goodness of Fit Index (PGFI) = 0.70  
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